International Association of Geodesy Symposia

151

Pavel Novak

Mattia Crespi

Nico Sneeuw

Fernando Sanso Editors




International Association
of Geodesy Symposia

Jeffrey T. Freymueller, Series Editor
Laura Sanchez, Assistant Editor

Series Editor

Jeffrey T. Freymueller

Endowed Chair for Geology of the Solid Earth
Department of Earth and Environmental Sciences
Michigan State University

East Lansing, MI, USA

Assistant Editor

Laura Sanchez

Deutsches Geoditisches Forschungsinstitut
Technische Universitidt Miinchen

Munich, Germany



International Association
of Geodesy Symposia

Jeffrey T. Freymueller, Series Editor
Laura Sanchez, Assistant Editor

Symposium 110: From Mars to Greenland: Charting Gravity with Space and Airborne Instruments
Symposium 111: Recent Geodetic and Gravimetric Research in Latin America
Symposium 112: Geodesy and Physics of the Earth: Geodetic Contributions to Geodynamics
Symposium 113: Gravity and Geoid
Symposium 114: Geodetic Theory Today
Symposium 115: GPS Trends in Precise Terrestrial, Airborne, and Spaceborne Applications
Symposium 116: Global Gravity Field and Its Temporal Variations
Symposium 117: Gravity, Geoid and Marine Geodesy
Symposium 118: Advances in Positioning and Reference Frames
Symposium 119: Geodesy on the Move
Symposium 120: Towards an Integrated Global Geodetic Observation System (IGGOS)
Symposium 121: Geodesy Beyond 2000: The Challenges of the First Decade
Symposium 122: IV Hotine-Marussi Symposium on Mathematical Geodesy
Symposium 123: Gravity, Geoid and Geodynamics 2000
Symposium 124: Vertical Reference Systems
Symposium 125: Vistas for Geodesy in the New Millennium
Symposium 126: Satellite Altimetry for Geodesy, Geophysics and Oceanography
Symposium 127: V Hotine-Marussi Symposium on Mathematical Geodesy
Symposium 128: A Window on the Future of Geodesy
Symposium 129: Gravity, Geoid and Space Missions
Symposium 130: Dynamic Planet - Monitoring and Understanding. ..
Symposium 131: Geodetic Deformation Monitoring: From Geophysical to Engineering Roles
Symposium 132: VI Hotine-Marussi Symposium on Theoretical and Computational Geodesy
Symposium 133: Observing our Changing Earth
Symposium 134: Geodetic Reference Frames
Symposium 135: Gravity, Geoid and Earth Observation
Symposium 136: Geodesy for Planet Earth
Symposium 137: VII Hotine-Marussi Symposium on Mathematical Geodesy
Symposium 138: Reference Frames for Applications in Geosciences
Symposium 139: Earth on the Edge: Science for a sustainable Planet
Symposium 140: The 1st International Workshop on the Quality of Geodetic
Observation and Monitoring Systems (GuQOMS’11)

Symposium 141: Gravity, Geoid and Height systems (GGHS2012)

Symposium 142: VIII Hotine-Marussi Symposium on Mathematical Geodesy
Symposium 143: Scientific Assembly of the International Association of Geodesy, 150 Years
Symposium 144: 3rd International Gravity Field Service (IGFS)

Symposium 145: International Symposium on Geodesy for Earthquake and Natural Hazards (GENAH)
Symposium 146: Reference Frames for Applications in Geosciences (REFAG2014)
Symposium 147: Earth and Environmental Sciences for Future Generations
Symposium 148: Gravity, Geoid and Height Systems 2016 (GGHS2016)
Symposium 149: Advancing Geodesy in a Changing World
Symposium 150: Fiducial Reference Measurements for Altimetry
Symposium 151: IX Hotine-Marussi Symposium on Mathematical Geodesy

More information about this series at http://www.springer.com/series/1345


http://www.springer.com/series/1345

|X Hotine-Marussi Symposium on
Mathematical Geodesy

Proceedings of the Symposium in Rome, June 18 — 22, 2018

Edited by

Pavel Novak, Mattia Crespi, Nico Sneeuw, Fernando Sanso

@ Springer



Volume Editors

Pavel Novidk

Department of Geomatics
University of West Bohemia
Pilsen, Czech Republic

Mattia Crespi

Geodesy and Geomatics Division
Department of Civil, Constructional and
Environmental Engineering

Sapienza University of Rome

Rome, Italy

Series Editor

Jeffrey T. Freymueller

Endowed Chair for Geology of the Solid Earth
Department of Earth and Environmental Sciences
Michigan State University

East Lansing, MI, USA

Assistant Editor

Laura Sanchez

Deutsches Geoditisches Forschungsinstitut
Technische Universitidt Miinchen

Munich, Germany

Nico Sneeuw

Institute of Geodesy
University of Stuttgart
Stuttgart, Germany

Fernando Sanso

Dipartimento di Ingegneria Civile e Ambientale
Politecnico di Milano

Milano, Italy

ISSN 0939-9585

International Association of Geodesy Symposia
ISBN 978-3-030-54266-5
https://doi.org/10.1007/978-3-030-54267-2

ISSN 2197-9359  (electronic)

ISBN 978-3-030-54267-2  (eBook)

© Springer Nature Switzerland AG 2021

This work is subject to copyright. All rights are reserved by the Publisher, whether the whole or part of the
material is concerned, specifically the rights of translation, reprinting, reuse of illustrations, recitation, broadcasting,
reproduction on microfilms or in any other physical way, and transmission or information storage and retrieval,
electronic adaptation, computer software, or by similar or dissimilar methodology now known or hereafter developed.
The use of general descriptive names, registered names, trademarks, service marks, etc. in this publication does not
imply, even in the absence of a specific statement, that such names are exempt from the relevant protective laws and
regulations and therefore free for general use.

The publisher, the authors and the editors are safe to assume that the advice and information in this book are believed
to be true and accurate at the date of publication. Neither the publisher nor the authors or the editors give a warranty,
expressed or implied, with respect to the material contained herein or for any errors or omissions that may have
been made. The publisher remains neutral with regard to jurisdictional claims in published maps and institutional
affiliations.

This Springer imprint is published by the registered company Springer Nature Switzerland AG.
The registered company address is: Gewerbestrasse 11, 6330 Cham, Switzerland


https://doi.org/10.1007/978-3-030-54267-2

This volume contains the proceedings of the IX Hotine-Marussi Symposium on Mathematical
Geodesy which was held from 18 to 22 June 2018 in Rome, Italy. For a third time in a row,
the Symposium took place at the Faculty of Civil and Industrial Engineering of the Sapienza
University of Rome, Italy. As in 2009 and 2013, the venue of the Symposium was the beautiful
cloister of the Basilica di San Pietro in Vincoli, worldwide known for the statue of Moses by
Michelangelo.

A series of symposia focused on theoretical geodesy began in 1959 when Antonio Marussi
organized the first Symposium on Three Dimensional Geodesy in Venice. The name of the
symposia was changed in 1965 when the third Symposium on Mathematical Geodesy was
held in Torino. The first three symposia were strongly influenced by the prominent British
geodesist Martine Hotine. After his death in 1968, the series was renamed again and the first
Hotine Symposium on Mathematical Geodesy was held in Trieste, 1969. This symposium and
the following four symposia were organized by Antonio Marussi. After his death in 1984, the
series was renamed to the Hotine-Marussi Symposia, the title still used today. The first five
Hotine-Marussi Symposia (1985, 1989, 1994, 1998 and 2003) were organized by Fernando
Sanso, the driving force behind the series of Hotine-Marussi symposia over more than three
decades.

Since 2006, the series of the Hotine-Marussi Symposia has been under the responsibility
of the Inter-Commission Committee on Theory (ICCT) within the International Association of
Geodesy (IAG). The ICCT organized the last four Hotine-Marussi Symposia held in Wuhan
(2006) and Rome (2009, 2013 and 2018). The overall goal of Hotine-Marussi Symposia is
aligned with the main objective of the ICCT to advance geodetic theory in all branches of
geodesy, reflecting developments in geodetic observing systems and interactions of geodesy
with other Earth-related sciences. Thus, Hotine-Marussi Symposia on Mathematical Geodesy
represent a main venue for theoretically oriented geodesists.

The Symposium attracted 119 participants from 30 countries who contributed 120 papers
(83 oral and 37 poster presentations). The scientific program of the symposium was organized
in ten regular sessions which were modelled thematically after ICCT study group topics. The
regular sessions were convened by the chairs of the ICCT study groups who also constituted
the Symposium’s Scientific Committee:

1. Geodetic Methods in Earth System Science
N. Sneeuw
2. Theory of Multi-GNSS Parameter Estimation
A. Khodabandeh, M. Crespi
3. Digital Terrain Modelling
R. Barzaghi
4. Space Weather and Atmospheric Modelling
K. Borger, M. Schmidt
5. Global Gravity Field Modelling and Heights Systems
D. Tsoulis, S. Claessens



vi Preface

6. Theory of Modern Geodetic Reference Frames and Earth’s Rotation
Z. Altamimi
7. Deformation and Gravity Field Modelling at Regional Scales
J. Huang, Y. Tanaka
8. Estimation Theory and Inverse Problems in Geodesy
A. Dermanis
9. Advanced Numerical Methods in Geodesy
R. Cunderlik

10. Multi-Sensor and Time Series Data Analysis
W. Kosek, K. Sosnica

Additionally, a special session was held at the Accademia Nazionale dei Lincei (the oldest
scientific academy in the world, established in 1603 by Federico Cesi) on 19 June 2018. The
session consisted of six invited talks focused on interactions of geodesy and selected Earth
science components:
1. Interaction Between Geodesy and Oceanography: Results and Open Problem

M. H. Rio
2. Geodesy and Glaciology: Absolute Gravity and Surface Displacements in Greenland

O. Francis, T. van Dam
3. Geodesy and Atmospheric Science: A Collaboration Mutually Beneficial

R. Pacione, J. Dousa
4. Geodesy and Mathematics: Acquisitions and Open Problems

W. Freeden, F. Sanso



Preface

vii

5. Solid Earth-System Structure from Satellites

R. Haagmans
6. Geodesy and Seismology: A Key Synergy for the Understanding and Forecasting of

Earthquakes

A. Peresan, M. Crespi, A. Mazzoni, G. Panza

The special session was organized by Fernando Sanso, Emeritus at the Politecnico di
Milano, himself a member of the Accademia. One of the presentations within the special
session is included into these proceedings in the form of a long paper by W. Freeden and
F. Sanso, dealing with the interactions of geodesy and mathematics, while the combination of
these two scientific disciplines forms the essence of the Hotine-Marussi symposia.

The scientific program of the symposium was complemented with a great social program
including a night tour of the Vatican Museum and a social dinner at the restaurant Il Miraggio
at the neighbourhood of Villa Farnesina and Palazzo Corsini, locations of the Accademia dei
Lincei.

We would like to acknowledge all who contributed to the success of the IX Hotine-Marussi
Symposium. The study group chairmen and the entire Scientific Committee (P. Novak, M.
Crespi, N. Sneeuw, F. Sanso, G. Blewitt, R. Pail, M. Hashimoto, M. Santos, R. Gross, D.
Tsoulis, R. Cunderlﬂ<, M. éprlék, K. So$nica, J. Huang, R. Tenzer, A. Khodabandeh, S.
Claessens, W. Kosek, K. Borger, Y. Tanaka, A. Dermanis, V. Michel and E. Grafarend) put
much effort in organizing and convening sessions. They also served as the associated editors
in a peer-review process lead by Jeffrey Freymueller and Laura Sanchez, the IAG Symposia
Series editors. Although most of the reviewers remain anonymous for the authors, a complete
list of reviewers is printed in this volume to express our gratitude for their dedication.

The Symposium was financially and promotionally supported by the Faculty of Civil and
Industrial Engineering of the Sapienza University of Rome and by the Italian Space Agency.
The IAG provided travel support to selected young participants of the Symposium.

However, most of our gratitude goes to the Local Organizing Committee of the Symposium.
The team chaired by Mattia Crespi, the vice-president of the ICCT, consisted of members of
the Area of Geodesy and Geomatics at the Faculty of Civil and Industrial Engineering of the
Sapienza University of Rome: A. Mazzoni, F. Fratarcangeli, R. Ravanelli, A. Mascitelli, M.
Ravanelli, M. Di Tullio, V. Belloni, G. Savastano, A. Nascetti, G. Colosimo, E. Benedetti, M.
Branzanti, M. Di Rita, P. Capaldo and F. Pieralice. Through their effort and organization skills,
Mattia Crespi and his team significantly contributed to the success of the Symposium.

Pilsen, Czech Republic Pavel Noviak
Rome, Italy Mattia Crespi
Stuttgart, Germany Nico Sneeuw
Milano, Italy Fernando Sanso

May 2020
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Siavash Iran Pour, Nico Sneeuw, Matthias Weigelt,
and Alireza Amiri-Simkooei

Abstract
Many studies in the past have discussed potential orbit configurations of future satellite
gravity missions. Most of those works have targeted orbit optimization of the satellite mis-
sions of the next generation in the so-called Bender formation. The studies have investigated
the impact of the Keplerian orbital parameters, especially the influence of the repeat orbits
and mission altitude of both satellite pairs and the inclination of the second pair in Bender
formation on the satellite configurations’ gravity field recovery quality performance.
Obviously, the search space for the orbit optimization in the Bender formation is vast
and, therefore, different approaches have been suggested for optimal orbit design. Among
approaches, however, different assumptions about input geophysical models as well as
the error models into the simulation software play a role. Our paper shows how different
assumptions for input models change the orbit optimization results. For this purpose, the
genetic algorithm has been utilized for orbit optimization of the Bender formation where
different input models were considered. Those input models include (1) the updated ESA
geophysical models, and (2) error models for the Ocean Tide (OT error) and Atmosphere-
Ocean (AO error). Here, we focus on the impact of the models on relative difference of the
longitude of ascending nodes between the two pairs in Bender formation. The results of the
paper clearly state that our current and future knowledge about signal and error models can
significantly affect the orbit optimization problem.

Keywords
Genetic algorithm - Gravity field recovery - Orbit optimization - Time-variable gravity field

S. Iran Pour () 1 Introduction

Department of Geomatics Engineering, Faculty of Civil Engineering

and Transportation, University of Isfahan, Isfahan, Iran Soon after the launch of the Gravity Recovery and Climate
Institute of Geodesy, University of Stuttgart, Stuttgart, Germany Experiment (GRACE) mission (Tapley et al. 2004),
N. Sneeuw several research studies have started to investigate the
Institute of Geodesy, University of Stuttgart, Stuttgart, Germany performance of next generation satellite gravity missions.
M. Weigelt Those researches range from replacing the GRACE by
Institute of Geodesy, Leibniz University of Hannover, Hannover, another inline formation (GRACE Follow-On) or alternative
Germany (advanced) formations to analyzing mission scenarios with
A. Amiri-Simkooei two pairs, see (Sharifi et al. 2007; Bender et al. 2008; Wiese

Department of Geomatics Engineering, Faculty of Civil Engineering et al. 2009: Elsaka 2010: Wiese et al. 2012: Ellmer 2011:
and Transportation, University of Isfahan, Isfahan, Iran Elsaka et ;l 2012: Iran, Pour et al. 2013: ’Reubel t et al,
Department of Control and Operations, Technical University of Delft, 2014: Elsaka et al. 2014: Gruber et al. 2014: Kloko&nik
Delft, The Netherlands ’ ’ ’
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et al. 2015; Iran Pour et al. 2016; Iran-Pour et al. 2018).
Moreover, ESA studies, among them the ESA projects
“Assessment of a Next Generation Mission for Monitoring
the Variations of Earth’s Gravity” (Anselmi et al. 2011) and
“Assessment of Satellite Constellations for Monitoring the
Variations in Earth’s Gravity Field” (Iran Pour et al. 2015)
investigated the science requirements, performance criteria
and design of future satellite gravity missions. These two
ESA projects have looked into two advanced formations as
well as Bender configurations, where the latter is the most
probable candidate for the next generation of future gravity
missions (according to the ESA proposal calls).

Most of the research works above did the selection of
the individual constellation scenarios by rough assessment
of sampling behavior of the missions, although the studies by
(Wiese et al. 2012; Ellmer 2011; Iran Pour et al. 2013; Iran
Pour et al. 2015) had a deeper look into some performance
criteria for their double-pair mission scenario optimization
search strategies. Furthermore, (Iran Pour et al. 2016) studied
the groundtrack pattern evolution of double pair missions
and discussed the impact of longitude of ascending nodes
between the two satellites pairs (A £2). They recognized three
reasons for the quality variations of the gravity solutions,
namely: (1) the different time evolution of sampling pattern
of each satellite pair in a double pair mission with different
repeat periods, (2) the impact of time-variation of Af2 on
the pattern change, and (3) the influence of the time-variable
gravity signals on quality variations of the gravity field
recovery.

The current research work tries to look into the influence
of the time-variable gravity signals and error models on the
gravity field recovery quality, where in particular the impact
on the orbit optimization is studied. The focus of this paper
is, however, the impact of the models on optimization of A2
which is shown to be a very influential parameter in the orbit
optimization.

2 Methodology
2.1 Geophysical Models and Simulation
Tool

For the simulation environment of this study, we employ the
dominant mass variations of hydrology (H), ice (I) and solid
Earth (S) of the Earth system by use of the updated time-
variable gravity field generated from ESA-project “ESA
Earth System Model for Gravity Mission Simulation Stud-
ies” (Dobslaw et al. 2015).

S.Iran Pour et al.

Time-span of 10-day for gravity field recovery, starting
from January 1st 1996, is applied in the paper (Iran Pour et
al. 2015). The forward and recovery simulations are both up
to spherical harmonics degree Ly.x = 90.

The error models of our research work consist of:

* Ocean Tide (OT) error: The difference between the two
OT models EOT08a (Savcenko and Bosch 2008) and
GOT4.7 (Ray 2008).

* Atmosphere-Ocean (AO) error: The AO error product
from IAPG (TU Munich), defined as two atmosphere
models difference (ECMWEF-NCEP) plus 10% of the
ocean signal of the model OMCT (Iran Pour et al. 2015).

For the gravity field recovery simulation, a nominal
circular orbit simulation software of so-called Reduced-
Scale Tool, RST is employed. This software assumes
nominal satellite orbits, i.e. the only orbit perturbation is
secular J, effect by the Earth flattening, hence the semi-
major axis, inclination angle and eccentricity of the satellites
are not time-variable (Iran Pour et al. 2013). However, the
equatorial bulge of the Earth (the Earth flattening effect)
is responsible for variation of the Keplerian elements
o (argument of perigee), 2 (longitude of the ascending
node) and M (mean anomaly). For circular orbits, argument
of perigee is ill-defined, and therefore the variation of
the other two elements are calculated by the following
rates:

1 oT

29T \/GM
= , — withn =
na? 9l

na da a3

)]

where a and I are respectively the semi-major axis and
inclination angle (the eccentricity here sets to zero for the
circular orbits). GM is the gravitational constant times the
Earth’s mass, and the parameter T stands for all the terms of
the potential field beyond the central field term. We should
also mention that the work by (Iran Pour et al. 2013) shows
that other perturbing Earth’s gravity field terms rather than
J effect have negligible impact on the gravity field recovery
performance in short time-spans (around one month and
less).

2.2 Genetic Algorithm (GA)

Genetic algorithm (GA) is an evolutionary algorithm
which generates solutions to optimization problems using
techniques inspired by natural evolution such as inheritance,
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mutation, selection, and crossover. The algorithm is an
implemented tool to find satisfactory solutions to non-linear
search or optimization problems.

In a genetic algorithm, a problem is essentially solved
by repeatedly guessing a solution, and then evaluating the
quality of the solution. In this way, the trick is not guessing
randomly, but rather on the basis of previously acquired
knowledge about the solution space, where two main com-
ponents are required: (1) a genome, which is a generalized
representation of the solution space of a specific problem
(the parameters space of the problem), and (2) a fitness
function to evaluate the solution domain which in fact maps
the attributes of a specific realization of the genome to a
fitness value (Schmitt 2001; Ellmer 2011).

In this study, the global (accumulated) geoid height error
RMS is chosen as the fitness function. The search space of
our study for Bender configuration is identified as follows
(Iran Pour et al. 2015):

* all the repeat modes with altitude between 340 and 500 km

¢ inclination of near-polar pair between 88° and 92° (mini-
mizing polar gap) with step of 1°

* inclination of inclined pair within 65°~75° or 105°-115°
with step of 1°

» free angle between orbital plane of the satellite pairs
(0° < AQ < 360" with step of 1°)

e free mean anomaly difference between the pairs
(0° < AM < 360° with step of 1°)

The GA software was run in MATLAB where the “Tol-
Fun” (for tolerance) was set to 107 with number of gener-
ations “StallGenLimit” over 50, i.e. the algorithm runs until
the cumulative change in the fitness function value over 50
generations is less than 107°,

3 Results

In our study, the GA simulation tool has been run several
times, every time with different initial conditions (input
models). Since GA behaves in a stochastic way and in
order to reduce the uncertainty of the results, the simula-
tions with the same input models have been run several
times.

The results of GA simulation runs consist of different
input models, namely HIS (updated ESA model), only OT
error model, only AO error model and full model (updated
ESA HIS + OT error + AO error). The results of those
runs are respectively depicted in Fig. 1 where the color bars
show the impact of A2 on the orbit optimization in Bender
configuration.

As, it can be seen from the figure, after around 300
simulations (approximately 6 generations), the first main
convergence happens. It is also seen that the optimized

impact of AQ on fitness function - HIS model
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Fig. 2 Gravity field recovery
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input model and gravity recovery errors

Table 1 by different simulation
input assumptions together with
the HIS input model (10-day
mean of updated ESA HIS 1074k
model) for comparison

geoid height error rms [m]

—— HIS - input model (10—-day mean)
Full model - error

——HIS - error
—— OT - error E
AO - error

107

Table 1 Selected Bender scenario of this study for detailed investiga-

tion (B/a is the ration of number of satellite revolutions to the repeat

period in nodal days and p is the inter-satellite distance within each

satellite pair)

Scenario P/a (rev./day) Inclination (deg.) Altitude (km) p (km)
125/8 89.5° 360.7 100
503/32 72° 305 100

A values (as shown by the color bars) are different for
different input models. This fact implies that our assumptions
about the input models have the potential to affect the orbit
optimization, here by resulting in different AQ values. In
particular, it is interesting to see that the full model error is
largely dominated by OT error model. This fact is clearly
shown by Fig. 2 as well, where it displays the gravity field
recovery errors of the chosen scenario of Table 1 based on
different simulation input assumptions together with the HIS
input model for comparison. As it is seen in that figure, the
full model error is dominated by AO error in the very long
wavelengths (at the beginning of the error curve). At middle
and short wavelengths, however, the OT error is the dominant
error to a large extent.

10 20 30 40 50 60 70 80 90
degree

We have also simulated the recovery error of 10-day
solutions of the Table 1 scenario where the impact of dif-
ferent input models with the variation of the AQ angle
values on the recovery error is in focus (Fig. 3). The results
show different variation behaviors by the impact of different
input models. One should also notice the significance of the
variations’ magnitude (y-axis of the graphs in Fig. 3). It is
also important to mention that the geophysical signals are
not distributed symmetrically on the globe (neither in space
domain, nor in time domain), therefore one should not expect
a perfect symmetry in the graphs. That is, in particular, a
true statement for HIS signals. In addition, the results clearly
illustrate that OT and AO errors are approximately one order
of magnitude larger than HIS error, while the pattern of the
full model error is almost dominated by OT error pattern.

Another interesting result is observed when we compare
the outcome of the updated ESA HIS model by (Dobslaw
et al. 2015) in Fig. 3 with that from the previous ESA
HIS model by (Gruber et al. 2011) in Fig. 4. The compar-
ison clearly shows slightly different variation behaviors by
A2 impact on the recovery error where the magnitude of
variations is also different. This fact, again, represents the
influence of input models on orbit optimization.
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Fig. 3 Impact of AQ angle values on gravity field recovery error (in
terms of geoid height RMS) for different input model assumptions

4 Discussion and Conclusion

This research work tried to look into the influence of the
time-variable gravity signals and error models on the gravity
field recovery quality, where the impact on the orbit opti-
mization is studied. The focus of the paper was, however,
the impact of the models on optimization of the orbital
parameter “relative difference of the longitude of ascending
nodes between the two pairs in Bender formation (A £2)”.

In this study, we have run a genetic algorithm simulation
tool with different initial conditions (input models). We
found that different input signal and error models result in
different optimized AS2, although the magnitude of impact
and, hence, the importance in optimization is different. The
OT error was found to be the most dominant model in
the orbit optimization, where the magnitude of influence is
approximately an order of magnitude larger than HIS signal.
The AO error was also found influential, however, its effect
is hidden by OT error impact in the full simulation run. The
results of the paper clearly state that our current and future
knowledge about signal and error models can significantly
affect the orbit optimization problem. For example, improv-
ing the error models (i.e. AO and OT error models) has
the potential to result in different values for optimized A£2.
That is also the case for HIS model which does not play an
important role in the optimization problem at the time, but
can be influential in the future if our OT and AO error models
are significantly improved.

The focus of this paper was the impact of input models on
parameter A2 optimization, which is in fact the most influ-
ential parameter in the general orbit optimization problem.
However, in reality, this parameter is controlled by the orbit
maintenance or even it is allowed to vary freely which might
be of interest in some orbit designs. Therefore, it might be
more interesting to keep the parameter A £2 fixed and run the
genetic algorithm for the other relative Keplerian parameters
in Bender configuration. Furthermore, it would be of interest
to study the impact of individual ocean tide constituents and
investigate their relative importance in orbit optimization in
more detail.



Fig. 4 Impact of AQ angle

S.lran Pour et al.

107° impact of AQ on gravity recovery error: HIS old model

values on gravity field recovery X
error (in terms of geoid height
RMS) for the old ESA HIS input 6.4
model by (Gruber et al. 2011)
6.2]
E
(2]
E 6
S
5
558
©
<
9
® 5.6
(@)}
5.4
5.2
0

References

Anselmi A, Visser P, van Dam T, Sneeuw N, Gruber T, Altes B et al
(2011) Assessment of a next generation gravity mission to monitor
the variations of Earth’s gravity field. European Space Agency
(ESA)

Bender P, Wiese D, Nerem R (2008) A possible dual-GRACE mission
with 90 degree and 63 degree inclination orbits. In: Proceedings
of the third international Symposium on formation flying, mis-
sions and technologies, ESA/ESTEC, Noordwijk. ESA, ESTEC,
Noordwijk, The Netherlands, pp 1-6. Retrieved April 23-25, 2008,
from http://sci.esa.int/lisa/40135-3rd-international-symposium-on-
formation-flying-missions-and-technologies/

Dobslaw H, Bergmann-Wolf I, Dill R, Forootan E, Klemann V, Kusche
J, Sasgen I (2015) The updated ESA earth system model for future
gravity mission simulation studies. J Geod 89:505-513. https://doi.
org/10.1007/s00190-014-0787-8

Ellmer M (2011) Optimization of the orbit parameters of future gravity
missions using genetic algorithms. University of Stuttgart, Stuttgart.
Retrieved from http://elib.uni-stuttgart.de/opus/volltexte/2012/7122/
pdf/Ellmer.pdf

Elsaka B (2010) Simulated satellite formation flights for detecting
temporal variations of the Earth’s gravity field. University of Bonn,
Bonn. Retrieved from http://hss.ulb.uni-bonn.de/2010/2151/2213.
pdf

Elsaka B, Kusche J, Ilk K (2012) Recovery of the Earth’s gravity field
from formation-flying satellites: temporal aliasing issues. Adv Space
Res 50(11):1534-1552. https://doi.org/10.1016/j.asr.2012.07.016

Elsaka B, Raimondo J-C, Brieden P, Reubelt T, Kusche J, Flechtner
F et al (2014) Comparing seven candidate mission configurations
for temporal gravity field retrieval through full-scale numerical
simulation. J Geod 88(2):31-43

Gruber T, Bamber J, Bierkens M, Dobslaw H, Murbock M, Thomas M
et al (2011) Simulation of the time-variable gravity field by means of
coupled geophysical models. Earth Syst Sci Data 3(1):19-35. https://
doi.org/10.5194/essd-3-19-2011

Gruber T, Baldesarra M, Brieden P, Danzmann K, Daras I, Doll B et
al (2014) e2motion - earth system mass transport mission - concept

150 200 250 300
angle [deg]

50 100

for a next generation gravity field mission. Deutsche Geoditische
Kommission der Bayerischen Akademie der Wissenschaften, Reihe
B, Angewandte Geoddsie, Munich, p 318

Iran Pour S, Reubelt T, Sneeuw N (2013) Quality assessment of sub-
Nyquist recovery from future gravity satellite missions. Adv Space
Res 52(5):916-929. https://doi.org/10.1016/j.asr.2013.05.026

Iran Pour S, Reubelt T, Sneeuw N, Daras I, Murbock M, Gruber T
et al (2015) ESA SC4MGYV Project “Assessment of Satellite Con-
stellations for Monitoring the Variations in Earth’s Gravity Field”.
European Space Agency (ESA)

Iran Pour S, Weigelt M, Reubelt T, Sneeuw N (2016) Impact of
groundtrack pattern of double pair missions on the gravity recovery
quality: lessons from the ESA SC4AMGYV Project. In: International
symposium on earth and environmental sciences for future genera-
tions, vol 147. Springer International Publishing, Prague, pp 97-101.
https://doi.org/10.1007/1345_2016_228

Iran-Pour S, Weigelt M, Amiri-Simkooei A-R, Sneeuw N (2018) Impact
of groundtrack pattern of a single pair mission on the gravity
recovery quality. Geosciences (Switzerland) 8(9):315. https://doi.
org/10.3390/geosciences8090315

Klokoc¢nik J, Wagner C, Kostelecky J, Bezdék A (2015) Ground track
density considerations on the resolvability of gravity field harmonics
in a repeat orbit. Adv Space Res 56(6):1146-1160. https://doi.org/
10.1016/j.asr.2015.06.020

Ray R (2008) GOT4.7 (2008) (Private communication), extension of
Ray R., A global ocean tide model from Topex/Poseidon altimetry.
GOT99.2 NASA Tech Memo 209478

Reubelt T, Sneeuw N, Iran Pour S, Hirth M, Fichter W, Miiller J et al
(2014) Future gravity field satellite missions. In: Flechtner F, Sneeuw
N, Schuh W-D (eds) CHAMP, GRACE, GOCE and future missions;
Geotechnologien Science Report No. 20, “Advanced Technologies
in Earth Sciences”. Springer, Berlin, pp 165-230. https://doi.org/10.
1007/978-3-642-32135-1_21

Savcenko R, Bosch W (2008) EOT(08a — empirical ocean tide
model from multi-mission satellite altimetry. Deutsches Geoditis-
ches Forschungsinstitut (DGFI), Miinchen. Retrieved from https://
mediatum.ub.tum.de/doc/1304928/1304928.pdf

Schmitt L. (2001) Theory of genetic algorithms. Theor Comp Sci 259(1-
2):1-61. https://doi.org/10.1016/S0304-3975(00)00406-0


http://sci.esa.int/lisa/40135-3rd-international-symposium-on-formation-flying-missions-and-technologies/
http://sci.esa.int/lisa/40135-3rd-international-symposium-on-formation-flying-missions-and-technologies/
http://dx.doi.org/10.1007/s00190-014-0787-8
http://dx.doi.org/10.1007/s00190-014-0787-8
http://elib.uni-stuttgart.de/opus/volltexte/2012/7122/pdf/Ellmer.pdf
http://elib.uni-stuttgart.de/opus/volltexte/2012/7122/pdf/Ellmer.pdf
http://hss.ulb.uni-bonn.de/2010/2151/2213.pdf
http://hss.ulb.uni-bonn.de/2010/2151/2213.pdf
http://dx.doi.org/10.1016/j.asr.2012.07.016
http://dx.doi.org/10.5194/essd-3-19-2011
http://dx.doi.org/10.5194/essd-3-19-2011
http://dx.doi.org/10.1016/j.asr.2013.05.026
http://dx.doi.org/10.1007/1345_2016_228
http://dx.doi.org/10.3390/geosciences8090315
http://dx.doi.org/10.3390/geosciences8090315
http://dx.doi.org/10.1016/j.asr.2015.06.020
http://dx.doi.org/10.1016/j.asr.2015.06.020
http://dx.doi.org/10.1007/978-3-642-32135-1_21
http://dx.doi.org/10.1007/978-3-642-32135-1_21
https://mediatum.ub.tum.de/doc/1304928/1304928.pdf
https://mediatum.ub.tum.de/doc/1304928/1304928.pdf
http://dx.doi.org/10.1016/S0304-3975(00)00406-0

Orbit Optimization for Future Satellite Gravity Field Missions: Influence of the Time Variable Gravity Field Models. . . 9

Sharifi M, Sneeuw N, Keller W (2007) Gravity recovery capability of =~ Wiese D, Folkner W, Nerem R (2009) Alternative mission architectures

four generic satellite formations. In: Kilicoglu A, Forsberg R (eds) for a gravity recovery satellite mission. J Geod 83(6):569-581.

Gravity field of the Earth. General Command of Mapping, ISSN https://doi.org/10.1007/s00190-008-0274- 1

1300-5790, Special Issue 18, pp 211-216 Wiese D, Nerem R, Lemoine F (2012) Design considerations for a
Tapley B, Bettadpur S, Watkins M, Reigber C (2004) The gravity dedicated gravity recovery satellite mission consisting of two pairs of

recovery and climate experiment: mission overview and early results. satellites. J Geod 86(2):81-98. https://doi.org/10.1007/s00190-011-

Geophys Res Lett 31(9). https://doi.org/10.1029/2004GL019920 0493-8


http://dx.doi.org/10.1029/2004GL019920
http://dx.doi.org/10.1007/s00190-008-0274-1
http://dx.doi.org/10.1007/s00190-011-0493-8
http://dx.doi.org/10.1007/s00190-011-0493-8

®

Check for
updates

Dimitrios Piretzidis, Michael G. Sideris, and Dimitrios Tsoulis

Abstract

The study of the Earth’s time-varying gravity field using GRACE data requires the removal
of correlated errors using filtering techniques in the spherical harmonic domain. The
empirical decorrelation filter is an effective method of decorrelating order-wise series of
spherical harmonic coefficients, although its improper implementation can lead to signal
attenuation. To reduce geophysical signal over-filtering, decorrelation should be performed
only for orders that show evidence of high correlation. In this paper we investigate and
compare the behavior of three criteria, i.e., the root mean square ratio, the angle distribution
of phase spectrum and the geometric properties of order-wise coefficient series, that can be
used for the identification of correlated orders in GRACE data. Our analysis indicates that
the root mean square ratio is the most reliable criterion, due to its simple implementation
and for providing averaged time series of equivalent water height with smaller root mean
square error, based on a simulation.

Keywords
Empirical decorrelation - Filtering - GRACE - Spherical harmonic coefficients

errors, which manifest when month-to-month differences
or monthly differences from a static gravity field solution
are calculated. In the spatial domain, these errors produce

1 Introduction

Monthly gravity field solutions in the form of spherical har-
monic coefficients derived from data of the Gravity Recov-
ery and Climate Experiment (GRACE; Tapley et al. 2004)
satellite mission are routinely used for monitoring mass vari-
ations in the Earth system. These solutions contain correlated
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longitudinal artifacts, commonly referred to as ‘“stripes”.
The removal of correlated errors from GRACE coefficient
changes is usually performed using an empirical decorre-
lation filter (EDF), also known as destriping filter. This
type of filter removes the contribution of a smoothing poly-
nomial from the even- and odd-degree coefficient series
of a specific order (Swenson and Wahr 2006). The EDF
is usually implemented from an order mip,, where the
correlated errors approximately start to appear, up to the
maximum order of each monthly set of coefficient changes.
A different and not so commonly used approach is the
selective implementation of the EDF to the coefficient series
that appear to be heavily influenced by correlated errors.
This idea originates from Huang et al. (2012), who used
a selective EDF scheme to study the groundwater stor-
age variability in the Great Lakes and in Alberta, Canada.
More recently, Piretzidis et al. (2018) accessed the capabil-
ities of selective EDF by comparing it with conventional

1
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decorrelation methods in North America and Greenland.
Although different criteria are used to identify correlated
coefficient series by these two studies, their findings suggest
that the selective EDF ensures the removal of the majority
of correlated errors while reducing the attenuation of useful
geophysical signal. Piretzidis et al. (2018) also highlight
the need to search for reliable criteria that can be used as
proxies for the identification of correlated coefficient series
in GRACE data. The objective of this study is to compare
different criteria and provide insights on their performance.
We examine three criteria, two of them already used in
the studies of Huang et al. (2012) and Piretzidis et al.
(2018), and one new, described in Sect.3. We test them on
monthly GRACE and Global Land Data Assimilation System
(GLDAS; Rodell et al. 2004) data. We also study their
similarities and differences, and indicate their advantages
and disadvantages. Finally, we assess their performance with
a simulation study.

Although the information about correlated errors is also
contained in the full variance-covariance matrix of monthly
spherical harmonic coefficients, this information is not used
here because (a) it is not always available to the users and
(b) it cannot be directly incorporated in the EDF algorithm.
Alternatively, full variance-covariance matrices can be used
in other decorrelation filters, such as the ones described in
Kusche (2007), Klees et al. (2008), Kusche et al. (2009)
and Horvath et al. (2018), that are not the focus of this
study.

2 Data

All the experiments are conducted using the Center for Space
Research (CSR) RLO5 and RL0O6 of GRACE Level 2 data,
spanning a period from 08/2002 to 08/2016. These data,
also known as GSM products, are monthly sets of spherical
harmonic coefficients C,,, and S, ,, of degree n and order
m up to maximum degree and order N = 96. The GLDAS
1.0 Noah monthly data are obtained for the same time period.
Months with no available GRACE solutions are also removed
from the GLDAS data. Their format consists of spatial grids
with global land coverage. The terrestrial water storage is
calculated for each month and transformed into spherical har-
monic ‘mass’ coefficients CA’,,,m and S’n,m. These coefficients
are converted into dimensionless (or ‘gravity’) coefficients
using eq. (12) from Wabhr et al. (1998). Monthly coefficient
changes AC, ,, and AS,,,, are derived by removing a long-
term mean gravity field from both the GRACE and GLDAS
monthly coefficients. For the GRACE data, the geopotential
model GGMO5C (Ries et al. 2016) is used as mean gravity
field, whereas, for the GLDAS data a simple average of all
monthly coefficients is used.

D. Piretzidis et al.

3 Criteria for the Identification
of Correlated Orders

The three criteria selected for the identification of correlated
order-wise coefficient series are: (1) the root mean square
(RMS) ratio before and after decorrelation, (2) the angle
distribution of phase spectrum and (3) the geometric shape
properties. Criteria (1) and (3) are designed by previous stud-
ies explicitly for the identification of correlated coefficient
series. Criterion (2) is only studied with respect to its behav-
ior when different filters are implemented to the GRACE
coefficients and never tested in the context of selective EDF.

3.1 RMS Ratio (RMSR) Before and After

Decorrelation

The RMSR was firstly used as a criterion for the selective
decorrelation of GRACE coefficient changes in Huang et al.
(2012), and more recently in Huang et al. (2016). It is given
by:

% (Aci,m)z
R(m) = 'Tvm , (1)
X (Act,)?

where AC.,, denotes the original and ACY, the decor-
related series of order m. Although Huang et al. (2012)
used this criterion in the even- and odd-degree series sep-
arately, here we use it in the entire order-wise coefficient
series for consistency with the other criteria examined. The
removal of a polynomial contribution from a series sup-
presses constituents that correspond to either geophysical
signal or correlated errors, and results in a decorrelated series
with smaller RMS value. R(m) is greater than one and its
value increases with the magnitude of correlated errors, i.e.,
highly correlated series return a larger R(m) value. The
identification of correlated series using the RMSR criterion
is performed by introducing a critical value R¢. Coefficient
series with R(m) > R¢ are considered correlated and with
R(m) < R¢ uncorrelated. The critical RMS value R¢
should be selected in order to maximize the removal of
correlated errors while minimizing the loss of geophysical
signal. We follow the study of Huang et al. (2012), where a
value of 2 was selected based on a simulation.

3.2 Angle Distribution of Phase Spectrum

(ADPS)

The phase spectrum ¢, ,, of a function with spherical har-
monic representation {AC, ,,, AS, »} is given by Devaraju
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and Sneeuw (2017):

(_l)mASn,m
arctan (— (—l)mAC,,,m)’ m#0
= 2

P = arctan 0
ACum )’

Devaraju and Sneeuw (2017) examined the phase spectrum
of a geopotential model of the Earth’s static gravity field
and showed that the order-wise angle distribution ¢.,, is
nearly uniform, which is also likely to be the case for
the time-varying gravity field. They also demonstrated that
filtering GRACE coefficients with the EDF produces an
angle distribution that tends towards uniformity. Taking these
properties into account, the ADPS can be a potential criterion
for the identification of correlated coefficient series. In order
to assess how different (in a statistical sense) is the angle
distribution from a uniform one, we follow Devaraju and
Sneeuw (2017) and use Rao’s spacing test, implemented
by the CircStat toolbox (Berens 2009). Rao’s spacing test
calculates the value of the test-statistic U by comparing the
distances between the phase angles to those expected from a
uniform distribution, as follows (Russell and Levitin 1995):

m = 0.

Imax

1
U=, ITi-A4l, (3)

i=1

where iy = N —m + 1, A = 360° /i and T; is given by:

_ ¢m+i,m - ¢m+i—l,ma i 7é imax

= o L “4)
360° — ¢m+imax—l,m + Gmms I = Imax-

i

The value U is then compared to a critical value Uc at
a given level of significance. If U > U¢ then the angle
distribution is significantly different from uniform, otherwise
for U < Uc the angle distribution is uniform. Due to
the complex computations involving the evaluation of the
probability density function of U, the Uc values are taken
directly from published statistical tables.

33 Geometric Properties of Coefficient

Series Shape (GPCS)

The shape of a coefficient series was firstly used as a criterion
for the identification of correlated errors by Piretzidis et al.
(2018). Their approach uses the rationale of Swenson and
Wahr (2006), who noticed that correlated errors depend on
the degree parity (i.e., even/odd) of a coefficient. This behav-
ior, in the majority of cases, leads to an order-wise coefficient
series with a distinct ‘zigzagged’ pattern that can be used to

identify presence of correlated errors. For that purpose, the
original coefficient series AC.,, is separated into an even-
order part AC.,,, and an odd-order part AC.,,, . Piretzidis
et al. (2018) examined several geometric features, denoted
by f, such as: the sign change, the derivative sign change,
the length, the convex hull area and the interior angles
distribution. They also developed geometric indicators X ,
given by:

f(AC:,me) + f(ACmo)

F(AC.m) ®

Xy(m) =

For example, if the geometric property under study is the
length, then f(AC.,,), f(AC.,,,)and f(AC.,) represent
the total length of AC.,, , AC.,, and AC.,, respectively.
Finally, a machine learning algorithm (MLA) was trained
and used for predicting if a coefficient series is correlated,
based on all X ¢ indicators. In this study, the MLA used is an
artificial neural network (ANN) and the procedure followed
is the same as in Piretzidis et al. (2018).

4 Results

For all the experiments described in Sects. 4.1 and 4.2, the
EDF is implemented using a second-degree polynomial and
a window with an order-dependent length w, given by Duan
et al. (2009):

w(m) = max (30e—i’6 1, 5). (6)

For a maximum degree N = 96, the EDF implementation is
restricted up to order 88 due to the small number of even/odd
coefficients for greater orders.

4.1 Identification Results

We use the RMSR, ADPS and GPCS criteria to identify
correlated series in both the GRACE and GLDAS coefficient
changes. As the magnitude of GRACE -correlated errors
increases with degree and order, it is expected that the
majority of low-order coefficient series will be identified as
uncorrelated, and the high-order series as correlated. The
CSR RLO6 reprocessing strategy uses refined parameteriza-
tion techniques and updated AOD1B, tide and force models,
compared to RLO5. These improvements resulted in the
reduction of correlated errors in RLO6 (Save et al. 2018).
It is therefore expected that fewer coefficient series will be
identified as correlated in RLO6 than in RLOS5. The GLDAS
coefficients do not contain the same type of correlated
errors as the GRACE coefficients, i.e., errors of increasing
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Fig. 2 Correlated orders in (a) GRACE RLO0S, (b) GRACE RL06 and (¢) GLDAS data, identified using the three criteria

magnitude that appear as north-south stripes in the spatial
domain, and should be identified as uncorrelated.

Equation (1) is evaluated for both the GRACE and
GLDAS data (Fig.1). The RMSR of GRACE AC.,, and
AS.,, coefficient series shows a very similar behavior
(Fig. 1a, b). There is also an increase of the RMSR around all
orders multiples of 15 (i.e., 15, 30, 45, 60 and 75), forming
a band-like pattern. An increase around these orders is also
evident in the averaged order-wise RMS given in Fig. 1 for
the GRACE data. This increase is related to temporal aliasing
errors coming from both tidal and non-tidal geophysical
signals. Murbock et al. (2014) showed that these errors
appear mainly in orders multiples of the resonance orders,
which are close to 15 and 16 for GRACE-like orbits. Seo

et al. (2008) showed that higher correlated errors around the
same orders are also due to the spatial aliasing coming from
non-tidal geophysical model errors. The GRACE RMSR
also rapidly increases around order 15 probably for the same
reasons. An overall comparison between RL0OS5 and RL06
shows that RLO6 coefficient series result in a smaller RMSR
due to the reduction of correlated errors. The RMSR of
GLDAS coefficients shows an almost random behavior for
both AC.,, and AS.,, series (Fig. lc).

After selecting a critical value of R¢ = 2, the GRACE
and GLDAS identification results are given in the first panel
of Fig. 2a, b, c. Orders having an R(m) value greater than R¢
are marked with black color and are considered correlated.
The identification results using the ADPS criterion and Rao’s
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Table 1 Number of correlated and uncorrelated orders in GRACE and GLDAS data

RMSR ADPS GPCS

GRACE GLDAS GRACE GLDAS GRACE GLDAS
Correlated (10,502) [10,096] 1,756 (7,434) [5,833] 2,095 (9,253) [8,109] 72
Uncorrelated (2,670) [3,096] 11,416 (5,738) [7,339] 11,077 (3,919) [5,063] 13,100

spacing test are given in the second panel of Fig.2a, b, c.
The angle distributions of order-wise coefficient series that
correspond to black pixels are significantly different from
uniform. All zero-order series are identified as correlated.
This is because all the coefficients in the AS., series are
by definition equal to zero, resulting in a phase angle of
either 0° or 180° (depending on the sign of the corresponding
coefficients in the AC. series) and a highly non-uniform
angle distribution. The results from the GPCS criterion are
provided in the third panel of Fig.2a, b, c. Black pixels
denote orders that are classified as correlated by the trained
ANN. These results correspond to an ensemble solution com-
ing from 500 independent experiments, in order to account
for biases due to the selection of an ANN training dataset.
For each dataset, the number of correlated series per order,
normalized with respect to the total number of monthly
solutions, is provided in the fourth panel of Fig.2a, b, ¢
for the three criteria. The results of Figs.1 and 2 for the
complete GRACE and GLDAS data set are provided in the
supplementary information.

The RMSR criterion shows that the majority of GRACE
correlated series start at order 14 and their number gradually
increases until order 37. Almost all series from order 38 to
75 appear correlated. A small decrease in the number of
correlated series after order 75 is also evident. Differences
in the identification results between RLO5 and RLO6 appear
mainly from orders 14 to 37 and from 72 to 87. RLO6
have less correlated coefficients, as expected. A substantial
number of GLDAS series are also identified as correlated,
the majority of them greater than order 16. According to the
ADPS criterion, the majority of GRACE correlated series
start from order 10 with a maximum value at order 14. The
number of correlated series fluctuates significantly for orders
15 to 30, and decreases for higher orders. A reason for this
relatively constant decrease is probably the limited number
of coefficients in a series, that results in a weak statistical
testing. RLO6 appears to have a significantly smaller number
of correlated coefficients than RLOS, starting from order 15.
The number of correlated GLDAS series fluctuates at the
same level (~12%) for all orders, with an increase around
orders 45 and 60. The GPCS criterion results show that most
of the GRACE correlated series start at order 14 and their
number increases until order 30. The unrealistic decreases of
correlated series for orders higher than 60 is due to the small
number of coefficients in high-order series that leads to low-
quality geometric features (Piretzidis et al. 2018). A decrease

in the number of correlated series from RLOS5 to RLO6 is
evident for almost all orders. The vast majority of GLDAS
series are identified as uncorrelated with some exceptions for
orders less than 11 and greater than 60. The results of Fig.2
are also summarized in Table 1 for an overall quantitative
comparison. Values inside round brackets denote RLO5 and
inside square brackets RLOG6.

Overall, the RMSR and GPCS criteria show similar
behavior for GRACE data, especially up to order 60. The
ADPS criterion identifies more series as correlated for orders
up to 14 and less afterwards, compared to the GPCS and
RMSR criteria. Table 1 also corroborates that the RMSR
and GPCS results are closer to each other for GRACE data,
with the former identifying the most number of correlated
series and showing less differences between RL0OS5 and
RLO6. On the contrary, the ADPS criterion identifies the
least number of correlated series and results in the highest
differences between RLO5 and RL06. The examination of
the GLDAS identification results shows that the GPCS
criterion identifies by far the least number of correlated
series. The RMSR and ADPS results are close, with the
latter to identify slightly more GLDAS series as correlated.
Although the GLDAS coefficients do not contain GRACE-
type correlated errors, they contain errors from the global
spherical harmonic analysis of equiangular data that do not
preserve the orthogonality of Legendre functions towards the
latitude direction (Sneeuw 1994). The reason that the GPCS
criterion does not recognize this type of errors is due to the
use of GRACE samples for the ANN training.

4.2  Simulation Results

We test the three criteria in a simulation environment to
quantitatively assess their performance. The simulation is
designed as follows. First, we use the GLDAS-derived grav-
ity change coefficients, described in Sect. 2, and we assume
it represents the true geophysical signal. We then add corre-
lated errors to the true signal in order to produce a GRACE-
like noisy geophysical signal. The correlated errors are sim-
ulated using the methodology of Vishwakarma et al. (2016),
i.e., by filtering the GRACE coefficient changes with the
EDF and a 400 km Gaussian smoothing filter, and subtracting
the filtered coefficient changes from the original ones. The
three criteria are then used to identify correlated orders in
the noisy coefficient changes (some examples are provided in
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Fig. 3 (a) True, (b) filtered true and (c) noisy geophysical signal. (d) Selectively decorrelated and smoothed signal using RMSR, (e) ADPS and
(f) GPCS. (g), (h), (i) Differences between filtered true signal and (d), (e), (f), respectively

the supplementary information), and the EDF is selectively
applied to the orders identified as correlated. An additional
400km Gaussian filter is also used to remove remaining
errors. The results from the decorrelated coefficients in the
spatial domain, in terms of equivalent water height (EWH),
are provided in Fig.3 for 1 month, where a 250km Gaus-
sian filter is applied to emphasize the remaining correlated
errors and the differences amongst the three criteria. The
examination of more monthly EWH changes shows that the
RMSR and GPCS criteria remove most of the stripes and
result in decorrelated spatial fields closer to each other, with
the former one providing the least noisy fields. The ADPS
criterion results in decorrelated fields that are still heavily
influenced by stripes.

The comparison of the selectively decorrelated and
smoothed signal with the true signal is performed in
terms of basin averages of EWH. Fifteen basins are used,
located in different geographic regions and having an area
ranging from 4,672,876 km? (Amazon basin) to 521,829 km?
(Brahmaputra basin). The decorrelated and smoothed basin
averages are compared with the true basin averages, also
filtered with a 400 km Gaussian filter. The decorrelated and
smoothed basin averages are then corrected for filter-induced
leakage effects using the data-driven method of deviations
(Vishwakarma et al. 2017), and the leakage-repaired basin
averages are compared with the true basin averages. For
both cases, the RMS errors are provided in Table 2. The

underlined values in Table 2 denote the smallest RMS
error for each basin. The detailed time series of absolute
differences between the true and the selectively decorrelated
EWH signal are given in the supplementary information. In
the vast majority of cases where filtered fields are compared,
the RMSR criterion results in time series with smaller RMS
error, with the GPCS criterion having a slightly higher
RMS error and the ADPS criterion having the highest RMS
error. When the leakage-repaired time series are compared,
the RMSR and ADPS criteria again produce the smallest
and highest RMS error, respectively, for the majority of
cases. An increase in the RMS error is also noticed for both
experiments as the basin area decreases.

5 Conclusions

We test three criteria (RMSR, ADPS and GPCS) for the
identification of correlated order-wise coefficient series in
GRACE monthly coefficient changes that can assist the
selective implementation of the EDF. Regarding the compu-
tational complexity, the ADPS is the most efficient criterion
that does not require the prior use of the EDF for its
evaluation. The GPCS is by far the most complex and com-
putationally demanding criterion, as it requires the evaluation
of all geometric properties, the selection of a training dataset,
and the design and training of a MLA. The RMSR criterion
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Table 2 RMS error (in cm) of filtered and leakage-repaired EWH
basin averages

Filtered Leakage-repaired
Basin RMSR ADPS GPCS RMSR ADPS GPCS
Amazon 0.22 0.25 0.23 0.38 0.42 0.38
Congo 0.21 0.32 0.25 0.40 0.49 0.41
Mississippi 0.09 0.24 0.12 0.29 0.36 0.29
Ob 0.12 0.36 0.14 0.27 0.43 0.28
Yangtze 0.22 0.32 0.24 0.44 0.48 0.43
Mackenzie 0.20 0.49 0.23 0.49 0.71 0.56
Nelson 0.19 0.33 0.20 0.57 0.66 0.54
Indus 0.47 0.57 0.49 0.98 0.82 0.90
Zambezi 0.52 0.47 0.48 0.77 0.68 0.73
St. Lawrence  0.36 0.49 0.38 0.97 0.90 0.99
Ganges 0.74 0.93 0.82 1.32 1.64 1.47
Orange 0.53 0.67 0.52 0.90 0.94 0.85
Danube 0.37 0.52 0.36 0.80 1.08 0.87
Columbia 0.50 0.71 0.53 1.05 1.44 1.15
Brahmaputra  0.92 1.10 1.00 1.68 2.03 1.87

The basins are sorted in descending order with respect to their area

is simple and does not have any inherent biases. The only
drawback could potentially be the selection of a wrong value
for R¢ and the EDF parameters.

The identification of correlated orders in GRACE data
shows that the RMSR and GPCS criteria provide results in
close agreement with each other for orders up to 60, and with
the latter to identify less correlated series for orders greater
than 60. Given that correlated errors in the GRACE coeffi-
cients increase with degree and order, the RMSR criterion
shows the most realistic behavior. The ADPS criterion seems
to overestimate the number of correlated series in low orders
and underestimate the number of correlated series in medium
and high orders. All criteria identify fewer correlated orders
in GRACE RLO06, indicating the reduction of correlated
errors and the improvement on the quality of harmonic
coefficients since RLOS5.

The results of the simulation study show that the RMSR
criterion provides time series of EWH averages with the
smallest RMS error for most of the basins examined. The
GPCS criterion results are again in close agreement with
the RMSR criterion, with a slightly higher RMS error. The
reduced performance of GPCS is probably due to the unsuc-
cessful identification of correlated series for orders greater
than 60. The ADPS criterion results in the highest RMS
error.

We conclude that the ADPS, despite having superior com-
putational advantages, is not a reliable criterion. A stronger
statistical test for uniformity would make the ADPS crite-
rion the most efficient choice. The examination of different
statistical tests for this task is still an open area of research.
For the identification of correlated orders in GRACE data
prior to the EDF implementation, we recommend the RMSR

criterion that strikes a good balance between computational
efficiency and reliability. If complexity is not an issue and the
GRACE analysis is restricted up to degree and order 60, the
GPCS criterion is also recommended.

Acknowledgements The two anonymous reviewers are thanked for
their valuable comments and suggestions. NASA’s PODAAC and GES
DISC services are thanked for making freely available the GRACE
Level 2 data and the GLDAS-1 Noah models. This work is financially
aided by a grant from Canada’s Natural Sciences and Engineering
Research Council (NSERC) to the second author.

References

Berens P (2009) CircStat: A MATLAB Toolbox for Circular Statistics.
J Stat Softw 31(10). https://doi.org/10.18637/jss.v031.i110

Devaraju B, Sneeuw N (2017) The polar form of the spherical har-
monic spectrum: implications for filtering GRACE data. J Geod
91(12):1475-1489. https://doi.org/10.1007/s00190-017-1037-7

Duan XJ, Guo JY, Shum CK, van der Wal W (2009) On the postpro-
cessing removal of correlated errors in GRACE temporal gravity
field solutions. J. Geod 83(11):1095-1106. https://doi.org/10.1007/
s00190-009-0327-0

Horvath A, Murbock M, Pail R, Horwath M (2018) Decorrelation
of GRACE time variable gravity field solutions using full covari-
ance information. Geosciences 8(9):323. https://doi.org/10.3390/
geosciences8090323

Huang J, Halpenny J, van der Wal W, Klatt C, James TS, Rivera
A (2012) Detectability of groundwater storage change within the
Great Lakes Water Basin using GRACE. J Geophys Res Solid Earth
117(B8):B08401. https://doi.org/10.1029/2011JB008876

Huang J, Pavlic G, Rivera A, Palombi D, Smerdon B (2016) Map-
ping groundwater storage variations with GRACE: a case study in
Alberta, Canada. Hydrogeol J 24(7):1663-1680. https://doi.org/10.
1007/s10040-016-1412-0

Klees R, Revtova EA, Gunter BC, Ditmar P, Oudman E, Winsemius HC,
Savenije HHG (2008) The design of an optimal filter for monthly
GRACE gravity models. Geophys J Int 175(2):417-432. https://doi.
org/10.1111/j.1365-246X.2008.03922.x

Kusche J (2007) Approximate decorrelation and non-isotropic smooth-
ing of time-variable GRACEtype gravity field models. J Geod
81(11):733-749. https://doi.org/10.1007/s00190-007-0143-3

Kusche J, Schmidt R, Petrovic S, Rietbroek R (2009) Decorrelated
GRACE time-variable gravity solutions by GFZ, and their validation
using a hydrological model. J Geod 83(10):903-913. https://doi.org/
10.1007/s00190-009-0308-3

Murbock M, Pail R, Daras I, Gruber T (2014) Optimal orbits for tempo-
ral gravity recovery regarding temporal aliasing. J Geod 88(2):113—
126. https://doi.org/10.1007/s00190-013-0671-y

Piretzidis D, Sra G, Karantaidis G, Sideris MG, Kabirzadeh H (2018)
Identifying presence of correlated errors using machine learning
algorithms for the selective de-correlation of GRACE harmonic
coefficients. Geophys J Int 215(1):375-388. https://doi.org/10.1093/
gji/ggy272

Ries J, Bettadpur S, Eanes R, Kang Z, Ko U, McCullough C, Nagel P,
Pie N, Poole S, Richter T, Save H, Tapley B (2016) The Combined
Gravity Model GGMO5c. https://doi.org/10.5880/icgem.2016.002,
type: dataset

Rodell M, Houser PR, Jambor U, Gottschalck J, Mitchell K, Meng
CJ, Arsenault K, Cosgrove B, Radakovich J, Bosilovich M, Entin*
JK, Walker JP, Lohmann D, Toll D (2004) The global land data
assimilation system. Bull Am Meteorol Soc 85(3):381-394. https://
doi.org/10.1175/BAMS-85-3-381


https://doi.org/10.18637/jss.v031.i10
https://doi.org/10.1007/s00190-017-1037-7
https://doi.org/10.1007/s00190-009-0327-0
https://doi.org/10.1007/s00190-009-0327-0
https://doi.org/10.3390/geosciences8090323
https://doi.org/10.3390/geosciences8090323
https://doi.org/10.1029/2011JB008876
https://doi.org/10.1007/s10040-016-1412-0
https://doi.org/10.1007/s10040-016-1412-0
https://doi.org/10.1111/j.1365-246X.2008.03922.x
https://doi.org/10.1111/j.1365-246X.2008.03922.x
https://doi.org/10.1007/s00190-007-0143-3
https://doi.org/10.1007/s00190-009-0308-3
https://doi.org/10.1007/s00190-009-0308-3
https://doi.org/10.1007/s00190-013-0671-y
https://doi.org/10.1093/gji/ggy272
https://doi.org/10.1093/gji/ggy272
https://doi.org/10.5880/icgem.2016.002
https://doi.org/10.1175/BAMS-85-3-381
https://doi.org/10.1175/BAMS-85-3-381

18

Russell GS, Levitin DJ (1995) An expanded table of probability values
for rao’s spacing test. Commun Stat Simul Comput 24(4):879-888.
https://doi.org/10.1080/03610919508813281

Save H, Tapley B, Bettadpur S (2018) GRACE RL06 reprocessing and
results from CSR. In: EGU General Assembly, Vienna, 8-13 Apr
2018

Seo KW, Wilson CR, Chen J, Waliser DE (2008) GRACE’s spatial
aliasing error. Geophys J Int 172(1):41-48. https://doi.org/10.1111/
j-1365-246X.2007.03611.x

Sneeuw N (1994) Global spherical harmonic analysis by least-squares
and numerical quadrature methods in historical perspective. Geo-
phys J Int 118(3):707-716. https://doi.org/10.1111/j.1365-246X.
1994.tb03995.x

Swenson S, Wahr J (2006) Post-processing removal of correlated errors
in GRACE data. Geophys Res Lett 33(8):L08402. https://doi.org/10.
1029/2005GL025285

D. Piretzidis et al.

Tapley BD, Bettadpur S, Ries JC, Thompson PF, Watkins MM (2004)
GRACE measurements of mass variability in the Earth system. Sci-
ence 305(5683):503-505. https://doi.org/10.1126/science.1099192

Vishwakarma BD, Devaraju B, Sneeuw N (2016) Minimizing
the effects of filtering on catchment scale GRACE solu-
tions. Water Resour Res 52(8):5868-5890. https://doi.org/10.1002/
2016WRO018960

Vishwakarma BD, Horwath M, Devaraju B, Groh A, Sneeuw N (2017)
A data-driven approach for repairing the hydrological catchment
signal damage due to filtering of GRACE products. Water Resour
Res 53(11):9824-9844. https://doi.org/10.1002/2017WR021150

Wahr J, Molenaar M, Bryan F (1998) Time variability of the
Earth’s gravity field: Hydrological and oceanic effects and their
possible detection using GRACE. J Geophys Res Solid Earth
103(B12):30205-30229. https://doi.org/10.1029/98JB02844


https://doi.org/10.1080/03610919508813281
https://doi.org/10.1111/j.1365-246X.2007.03611.x
https://doi.org/10.1111/j.1365-246X.2007.03611.x
https://doi.org/10.1111/j.1365-246X.1994.tb03995.x
https://doi.org/10.1111/j.1365-246X.1994.tb03995.x
https://doi.org/10.1029/2005GL025285
https://doi.org/10.1029/2005GL025285
https://doi.org/10.1126/science.1099192
https://doi.org/10.1002/2016WR018960
https://doi.org/10.1002/2016WR018960
https://doi.org/10.1002/2017WR021150
https://doi.org/10.1029/98JB02844

®

Check for
updates

Sten Claessens

Abstract

The computation of second- and third-order derivatives of the Somigliana-Pizzetti reference
gravity field (reference gravity gradients and reference gravity field curvature values) is
investigated. Closed expressions for these second- and third-order derivatives are derived
in spheroidal coordinates. Rigorous equations for the second-order derivatives in a local
north-oriented frame are also given. It is shown that on the surface of the reference ellipsoid,
these lengthy expressions can be reduced to simple elegant formulas, akin to Somigliana’s
formula for the first-order derivative. Numerical results provide insight into the curvature
of the reference plumb lines and spheropotential surfaces. It is shown that spheropotential
surfaces up to 10,000 m in altitude differ from an oblate ellipsoid of revolution by less than
0.04 m. It is also shown that this fact can be utilised to approximate the reference gravity

gradients through simple formulas.

Keywords

Gravity field curvature - Gravity gradients - Reference potential

1 Introduction

Terrestrial, airborne and space-borne observation of grav-
ity gradients has been commonplace for many years (e.g.
Volgyesi 2015, DiFrancesco et al. 2009, Rummel et al.
2011). The direct observation of rate of change of gravity
gradients (gravity field curvature) has become an area of
active research in recent years (e.g. Rosi et al. 2015).
Gravity gradients are the second-order derivatives of the
gravity potential, and the rates of change of gravity gradients
are the third-order derivatives of the gravity potential. Since
in geodesy the gravity potential is customarily separated
into a reference potential and a disturbing potential, the
computation of the second- and third-order derivatives of
the reference potential is of interest. These reference poten-
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tial derivatives can be computed through the spherical har-
monic expansion of the reference potential (e.g. Petrovskaya
and Vershkov 2010, Hamackova et al. 2016). Manoussakis
(2013) presents an exact method to compute the second-order
derivatives of the reference potential on the surface of the
reference ellipsoid, and approximately in the vicinity of the
reference ellipsoid through a linear approximation.

In this paper, closed expressions for the second- and third-
order derivatives of the Somigliana-Pizzetti reference gravity
field are derived in spheroidal coordinates. Rigorous, closed
expressions for the second-order derivatives in a local north-
oriented reference frame are also provided. It is shown that
on the surface of the reference ellipsoid, the lengthy expres-
sions are reduced to simple elegant formulas. Numerical
results show the approximation error in these formulas when
applied at altitude, and provide insight into the curvature of
the reference plumb lines and spheropotential surfaces.

P. Novik et al. (eds.), IX Hotine-Marussi Symposium on Mathematical Geodesy,
International Association of Geodesy Symposia 151, https://doi.org/10.1007/1345_2019_70
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2 Derivatives in Spheroidal Coordinates

The Somigliana-Pizzetti reference potential U at any point
in space can be expressed in spheroidal (Jacobi ellipsoidal)
coordinates (u, 8,A) (Heiskanen and Moritz 1967; u is the
semi-minor axis of an oblate spheroid with linear eccentricity
E through the computation point, 8 is the reduced latitude
with respect to this spheroid, and A is the geocentric longi-
tude)

GM E 1 1
U,p) = £ atanu + zwzazqqo (sinz,B - 3) 0

+éa)2 (u2 + EZ) cos’f

where a and E are the semi-major axis and the linear
eccentricity of the reference ellipsoid, respectively, GM is the
Earth’s geocentric gravitational constant, and w is its angular
velocity. The parameter ¢ is closely related to the second-
degree Legendre function of the second kind and ¢° is the
value of g on the surface of the reference ellipsoid (u = b),
where b is the semi-minor axis of the reference ellipsoid
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First-, second- and third-order derivatives of the reference
potential with respect to the spheroidal coordinates can be
obtained by single, double and triple differentiation of Eq.
(1). The first-order derivatives are:
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The second-order derivatives are:
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And the third-order derivatives are:
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In Egs. (4)-(12), g4, quu and q,,,,, are the first-, second- and
third-order derivatives of g (Eq. (2))
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Note that the reference potential is rotationally symmetric
around the semi-minor axis, and therefore all derivatives with
respect to longitude A are zero.

3 Reference Gravity Gradient Tensor
in Local Cartesian Coordinates

Gravity gradients are often represented in a local Cartesian
north-oriented reference frame, with the x-axis pointing
north, the y-axis pointing west, and the z-axis pointing up.
We here define the direction of the z-axis more precisely
as perpendicular to the coordinate surface u = constant.
The second-order derivatives in the local reference frame
are most easily obtained from the first- and second-order
derivatives in spheroidal coordinates (Eqgs. (4)—(8)) through
relations by Koop (1993, p. 31) (see also Vershkov and
Petrovskaya 2016, Eq. 10)

1
2 4 E2sin?B
u(u? + E?) E?sin B cos B
X [ Ugg + w— U,
|:ﬁﬂ u? + E2sin’p u? 4+ E2sin’p P

(16)
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These four second-order derivatives are the elements of
the Edtvds/Marussi tensor of the reference gravity field

U)CX 0 UXZ
M =grad(gradU)=| 0 U,, 0 (20)
UXZ 0 UZZ

For any point on the surface of the reference ellipsoid
(u = b), Egs. (16)—(19) can be simplified considerably. Note
that Ug and Ugg are equal to zero in this case, and the
diagonal elements of the E6tvos/Marussi tensor become
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where M and N are the principal radii of curvature in the
prime meridian and prime vertical direction, respectively,
and y° is the magnitude of reference gravity at the reference
ellipsoid, which can be found from Somigliana’s formula
(Heiskanen and Moritz 1967, Eqs. 2-78). Equations (21)-
(23) could alternatively have been derived from geometri-
cal considerations, given that the surface of the reference
ellipsoid is a spheropotential surface, i.e. an equipotential
surface of the reference gravity field. They can be found as
a direct result of application of formulas due to Bruns that
relate the second-order derivatives of the gravity potential to
the curvature of the level surface (e.g. Heiskanen and Moritz
1967, Sects. 2-3).

The cross-derivative U, (Eq. (19)) can also be simplified
on the surface of the reference ellipsoid

v = a B U,fﬁ—EZSin'BC.OSZ'BU,f
b? + EZsin*p b? + EZsin”p

ab sin B cos ” E?%y0
_ ﬂ.zﬁ 2<V_Vb)+ v
b? + EZ2sin”B a b b2N

(24)

where y, and y; are the magnitude of reference gravity at
the equator and at the poles, respectively. In the derivation
of Eq. (24), use was made of Clairaut’s theorem (Heiskanen
and Moritz 1967, Egs. 2-75)

—b _ Zb /.0
a=b _ v—Va _o (l_qu)
a Ya Ya 2q

(25)

where ¢’ is the second numerical eccentricity of the reference
ellipsoid. Equation (24) can easily be expressed in terms
of the more commonly used geodetic coordinates (geodetic
latitude ¢ and longitude 1)

2,,0

Va_)’b)+e 14

Ufz = sin¢ cos ¢ [2 ( p b N j| (26)

The well-known Somigliana’s formula for reference grav-
ity gives us the first-order derivative of the reference potential
on the surface of the reference ellipsoid, and Eqgs. (21)—(23),
(26) can be considered its counterpart for the second-order
derivatives. Manoussakis (2013) has also derived an expres-
sion for U )?Z, but through a completely different derivation
based on geometric considerations. In the current notation,
his formula is

0 1

?’-)];5, (zbazz - %) sin2¢ + N (%cos?(p + sin2¢)
(27)

3)/
[70
xz = T Ao

This equation requires the derivatives of reference gravity
and radius of curvature in the prime vertical with respect to
geodetic latitude and is not as easily applicable as Eq. (26).

4 Geometrical Interpretation

The second-order derivatives of the normal potential are
closely related to the curvature coefficients of the spheropo-
tential surfaces and reference gravity plumb lines (e.g. Torge
2001). This can be expressed by

Uxx 0 sz _)/kﬂ 0 _)/ku
0 Uy, 0 |~ 0 —yki 0 (28)
U, 0 U, —vk, 0 2w*+2yJ
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where kg is the curvature of the spheropotential surface in
north-south direction, k; is the curvature of the spheropoten-
tial surface in east-west direction, k, is the curvature of the
reference gravity plumb line, and J is the mean curvature of
the spheropotential surface

7= 11 1
2 (kﬁ " kx)

Therefore, second-order derivatives can reveal curvatures
of the surfaces and plumb lines, and vice versa, known or
approximate values of curvature can be used to compute
second-order derivatives.

Equations (16)—(19) were here used to investigate by how
much the spheropotential surfaces of the GRS80 reference
gravity field (Moritz 2000) differ from ellipsoidal surfaces.
Knowledge of the exact shape of the spheropotential surfaces
is of use in the interpretation of data influenced by the
Somigliana-Pizzetti reference field, and can aid the efficient
computation of gravity gradients (Sect. 5). While computa-
tion of the shape of spheropotential surfaces has long been
possible with existing formulas, the results below and in Fig.
1 provide a succinct and instructive view that to the best of
our knowledge has not been published before.

Spheropotential surfaces are not ellipsoidal due to the
inclusion of the centrifugal potential in the gravity potential.
If the angular velocity of the Earth were zero, the spheropo-
tential surfaces would equal the spheroidal coordinate sur-
faces (1 = constant), which are concentric ellipsoids with
equal linear eccentricity. However, the centrifugal potential
due to the Earth’s rotation causes a bulge in the spheropo-
tential surface at the equator of 0.87% of altitude. Fur-
thermore, compared to an ellipsoidal surface fitted through
a spheropotential surface at the poles and equator, there is
an additional bulge at mid-latitudes of 0.0004% of altitude.
Figure 1 shows the example for the spheropotential surface

(29)

spheropotential surface

/

10,000 m

reference ellipsoid

spheroidal coordinate surface
(u=>b+10,000m)

ellipsoid through spheropotential
surface at pole and equator

Fig. 1 The geometry of a spheropotential surface

S. Claessens

with an altitude of 10,000 m above the poles. The sizes of
these bulges are approximately (but not exactly) linear with
altitude, at least up to 10,000 m above the reference ellipsoid,
and they have therefore been expressed as percentages.

5 Efficient Computation of Reference
Gravity Gradients at Low Altitude

While Egs. (16)—(19) can be used to compute the reference
gravity gradients at any point, these gradients can also be
computed in an approximate fashion through the simpler
formulas (Egs. (21)-(23), (26)). Just like reference gravity
at low altitudes is customarily computed through a Taylor
series expansion in terms of height (e.g. Heiskanen and
Moritz 1967, Eqs. 2-123), the reference gravity gradients at
low altitudes can be computed through a similar approach
(Manoussakis 2013).

However, an alternative approximate method of compu-
tation is investigated here. Since the spheropotential surface
can very closely be approximated by an ellipsoidal surface
(see Fig. 1), it may be sufficiently accurate to use the
geometry (a, E and derived parameters) of the ellipsoid
fitted through the spheropotential surface at the poles and
equator in Eqgs. (21)—(23), (26). The main advantage of this
approach is that the reference gravity gradients are computed
using simple formulas in geodetic coordinates, avoiding
the need for transformation to spheroidal coordinates. The
approximation errors resulting from this approach are shown
in Fig. 2 for an altitude of 10,000 m. It can be seen that the
errors are largest in the U,;-component, while the diagonal
components are accurate to 0.1 mE (107'?s72). These errors
increase approximately linearly with altitude, and they are
thus one order of magnitude smaller at an altitude of 1000 m.
The approximation errors shown in Fig. 2 are insignificant
compared to the precision of common torsion balance gravity
gradiometer observations, which is typically above 0.1 E
(e.g. Rummel 2002, Hu et al. 2018).

6 Discussion and Conclusions

The second- and third order derivatives of the Somigliana-
Pizzetti reference gravity potential in terms of spheroidal
coordinates have been derived (Egs. (6)—(12)). For the
second-order derivatives, it is shown how these equations
can be used to compute derivatives with respect to a local
north-oriented reference frame using existing expressions
(Egs. (16)—(19)). In theory, this can also be done for third-
order derivatives. Toth (2005) has derived the relations
between third-order derivatives in the Cartesian and spherical
coordinate systems, but explicit relations between the
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Fig. 2 Approximation error in 1E-01
Egs. (21)—(23), (26) at 10,000 m
altitude when using parameters 1E-02
for an ellipsoid fitted through the
spheropotential surface at the 1E-03 +
poles and equator

1E-04

B
>
°
) |
S e/ ? és f
g e ) XX
¢ 1605 ;
2 / —U.yy
£ 1£-06 —_—U
= _
o
S 1E-07 o
<

1E-08

1E-09

0 4 81216202428323640444852566064687276808488

Cartesian and spheroidal coordinate systems remain to be
derived in future research.

Simple explicit relations for the second-order derivatives
of the reference potential on the surface of the reference ellip-
soid have been derived (Egs. (21)—(23), (26)). As the well-
known Somigliana’s formula provides a simple equation
for the first-order derivative of the reference potential (the
magnitude of reference gravity), the equations derived here
can be considered the equivalent for second-order derivatives
(the magnitudes of the reference gravity gradients).

The derived equations were used to show the geometry
of the spheropotential surfaces. The spheropotential surfaces
up to 10,000 m in altitude differ from an oblate ellipsoid of
revolution by less than 0.04 m. It has also been shown that
this fact can be utilised to conveniently compute the gradients
in an approximate way.
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Abstract

This paper analyzes the arguments in the report “The shape of the quasigeoid” by Robert
Kingdon, Petr Vanic¢ek, Marcelo Santos presented in Rome (IX Hotin-Marussi Symposium
on Theoretical Geodesy, Italy, Rome, June 18—June 22, 2018), which contains the criticisms
of the basic concepts of Molodensky’s theory: normal height and height anomaly of the
point on the earth’s surface, plotted on the reference ellipsoid surface and forming the
surface of a quasigeoid. Also are presented the main advantages of the system of normal
heights. They are closely related to the theory of determination of the external gravitational
field and the Earth’s surface, are presented.

Despite the fact that the main core of Molodensky’s theory is the rigorous determining of
the anomalous potential on the Earth’s surface, the advantage of the normal heights system
can be shown and proved separately. And this can be easily demonstrated by a simple
hypothetical example of the spherical non-rotating Earth where the change of marks along
the floor of a strictly horizontal tunnel in the spherical mountain massif serves as criterion
for the convenience of the system. In this example, the difference in orthometric heights
comes up to 3 cm per 1.5 km. It will require the same corrections to the measured elevations
what with the effect of the orthometric heights system. Also the knowledge of the inner
structure of the rock mass is necessary. In turn, the normal heights are constant along the
tunnel and behave as dynamic ones and there is no need to introduce corrections.

Neither the ellipsoid nor the quasi-geoid is a reference surface for normal heights,
because until now the heights are referenced to the initial tide gauge. The numerical
values of heights are assigned to the physical surface. This is similar to the ideas of
prof. L. V. Ogorodova about the excessive emphasis on the concept of quasigeoid itself.
According to prof. V. V. Brovar the more general term is the “height anomaly” that exists
both for points on the Earth’s surface and at a distance from it and decreases together with
an attenuation of the anomalous field.

Keywords
Geoid - Height systems - Modelling method - Normal height - Orthometric height -
Quasigeoid

1 Introduction
V. V. Popadyev (b<) o . . .
Federal Scientific-Technical Center of Geodesy, Cartography The main disadvantage of the quasi-geoid boils down to the
and Spatial Data Infrastructure, Moscow, Russia well-known fact that near the singular points of the earth’s
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has a special feature. Since the normal field is smooth, the
surface of the quasigeoid heights { = W;U also has the
peculiarity. Here we should remember that the solution of
the boundary value problems of the Newton potential in all
cases requires that the earth’s surface should be smoothed
out to the Lyapunov’s conditions. The physical land surface
can be smoothed out over gravimetric points. There are no
features on the sea. The determination of the geoid does not
become easier.

M. S. Molodensky showed that it is impossible to deter-
mine the form of the geoid from measurements taken on the
earth’s surface. Figure 1 shows the anomalous mass in the
form of a sphere of radius Ry = 1 and constant density
81 = 1 centered on the geoid. If we replace this sphere by
a concentric one which is equal in mass but having the radius
R, = 3Ry, then from the equation

4 4
M1 = 37TR?81 = M2 = 37TR§52

we determine the new density §, = 2178 1. Since the external
field of such concentric spheres, equal in mass, is the same,
the replacement will not be reflected in measurements on the
earth’s surface, but the internal potential of the sphere at the
central point will be different:

2
Vi =21G8 R? =21G, Vo =2rG&R; = 70,

so that the geoid inside the sphere will change its shape.
Thus, it is impossible to study the surface of the geoid from
the measurements on the Earth’s surface.

The impossibility of determining the geoid and the physi-
cal surface of the Earth was also known to F. Helmert:

...die Figur der physischen Erdoberfliche wird also richtig
erhalten; nur die Lage des Geoids ist mehr oder weniger
von einer unvermeidlichen Unsicherheit betroffen (Helmert
1900);

Alle anderen Reductionsweisen haben das Gemeinsame, dass sie
im Allgemeinen eine gewisse mehr oder weniger starke Verin-
derung (Idealisierung) der Massenvertheilung an der Erdober-
flache voraussetzen und deshalb mehr oder weniger fehlerhaft
sind (Helmert 1902).

geoid for V,

geoid for V,

Fig. 1 About impossibility to determine the geoid

V. V. Popadyev
2 On the Quasigeoid

The report of Robert Kingdon, Petr Vani¢ek, Marcelo Santos
The shape of the quasigeoid specifies the complexity of the
quasi-geoid corresponding to the points of the earth’s surface
that forms “overhangs”. The quasigeoid height related to the
points on the earth’s surface will also form an overhang.
The correct arrangement of the quasigeoid is shown on
Fig.2 (see the report). The mean integral value g can be
measured along the line 1-3 directly or we can use BBAI_Ig
from the boundary value problem. Then the difference of
the orthometric heights H3g - ng is just a real length of
segment 1-3. This also is the difference of the geodetic
height (neglecting the deflection of the plumb-line). Along
line 2—4 the value g can be calculated by measuring the
values of the gravity at the ends of a segment 4-5. So we
obtain again the geometric length of the segment.

Shown at the beginning of the report The shape of the
quasigeoid is the picture from the book of one of the authors
(Vanicek and Krakiwsky 1986), where the quasi-geoid on
land is located under the geoid and has a smaller curvature.
This can be seen from the simple example in Fig.3 while
in own illustrations R. Kingdon, P. Vanicek and M. Santos
place the surface of the quasi-geoid over the geoid and give
it a greater curvature.

The above can be generalized as a more complex case
showing how to calculate normal heights in tunnels crossing
mountain massifs. Such a discussion was held back in the
1950-1960th when BurSa (1959) and Yeremeyev (1965)
discussed the system of normal heights in Czechoslovakia.
A detailed investigation of the theory of orthometric, normal
and dynamic heights is made in the monograph (Yeremeev
and Yurkina 1972).

The advantage of the Molodensky theory is that it is
possible to determine the anomalous potential 7 and the
height anomaly { = T'/y with high accuracy on the earth’s

3 4

ovlerhang

%))

physical surface 1 2

ellipsoid

Fig. 2 Overhang
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Fig. 3 Geoid and quasigeoid

surface (by the measurements taken on it). But the basic
advantage of normal heights can also be proved without a
connection with the solution of the geodetic boundary value
problem.

3 Advantages of the Normal Heights

In the physical sense, the height position of the point is
uniquely characterized by the geopotential number Wy —
W = [ gdh, equal to the difference of the gravity potential
at the beginning of the height calculation W, and at the
current point W'.

The normal heights were first named by Molodensky as
“auxiliary”. Their introduction under condition! W (H) —
Wo = U(H?) — Uy allowing him to strictly solve the
geodetic boundary value problem which makes it possible
to determine the geodetic heights of the points and the
anomalous potential 7' on the earth’s surface. Later it was
noted that these auxiliary heights form a very convenient and
harmonious system.

It is an interesting fact that in his draft of the article on the
theory of heights, apparently dating back to 1950, V. F. Yere-
meyev still uses the term “auxiliary” heights, and calls as the
“normal” heights the approximate heights.> Responding to
this work the head of the department of higher geodesy prof.
V. Danilov recommended in his critical review to replace the
“auxiliary” heights with another more appropriate term (as
the impression is created “that these heights are secondary,
not final”’). He also noted:

I'The strict condition is in spheroidal coordinate system.
Jydh

?1.e. the heights determined from relation g

map.

when there is no gravity

15 km 20 km

The advantages of normal heights are:

1. Normal heights can be precisely calculated, they are also
uniquely related to the dynamic heights.

2. The discrepancies in the leveling polygons are reduced (in the
limit of zero), so the adjustment of level networks in geopotential
values and in normal heights gives identical results.

3. The level surfaces crossing the physical surface of the Earth
are more important in practical terms than the geoid, since
geodetic measurements have to deal with them but not with the
geoid.

At the suggestion of M. S. Molodensky V. F. Eremeev
introduced the term “normal height” (Yeremeev 1951):
In this paper, instead of the term “auxiliary” altitude, the term

“normal height” is adopted as being most appropriate to the
physical meaning explained below.

Practically, it is difficult to obtain orthometric height
from the geopotential number for a number of reasons: to
determine the mean integral value g along the force line,
it is required to know at least the first derivatives of the
real gravity force (or the mass density distribution) up to the
geoid surface, also unknown. To determine the orthometric
height H8 = 1km with an accuracy of 1 cm, it is required to
know the average g”* with an accuracy of 10 mGal with the
tolerances decreasing as the height grows (Yurkina 1998). In
the meantime in the processing of high-precision leveling in
the system of normal heights, the requirements will be less
harsh to the accuracy of the points coordinates (up to 0.5 km)
and gravimetric information (1 mGal). That will allow us to
determine even if a small-scale topographic map is used, y™
with an accuracy of 50 mGal to obtain a difference of normal
heights with an accuracy of 0.1 mm. This fact permits us
to calculate normal correction, see Eq. (1), even from the
global field model. The normal corrections were calculated
by D. A. Gulyyev and by O. V. Nefedova from EGM2008
for the leveling line 1,165km long in Turkmenistan and for
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the line of 685km long in North Caucasus with resulting Let’s take a simple example.

absolute errors 0.6 and 1.0 mm respectively.
4.1 General Considerations

4 On the Calculation of Heights
Since we do not have accurate data on the actual placement

of the geoid and on the distribution of attracting masses,
let us estimate the convenience of using normal or ortho-

is, what matters is the following: metric heights on a model with previously known elements
of the anomalous field. We represent the Earth model in

In the question of choosing a heights system, the main thing
is not how easy or intuitively clear the geoid or quasi-geoid

the form of a non-rotating homogeneous sphere of radius

— how the heights under consideration characterize the level
= 6,378 km and with Newtonian constant GM,, into

surfaces at the place where the geodetic work is carried p 0
out (for geodesy, it is not those level surfaces passing  \hich a homogeneous sphere of smaller dimensions of radius

inside the Earth that are important, but those that cross R, = 2 km and with Newtonian constant GM, is half
the earth’s surface of a given spot, the local horizons). sunk (Fig.4). The Newtonian constants are calculated from
how large are the gravimetric corrections required in (1o densities §o = 5.5 glem’, § = 2.3 g/em® and the
case vxfhen tl?e measurc.:d elevations are convert.ed o yolumes of spheres. The big sphere creates the potential V;,
the hel.ght dlffere.nce.:s in the adopted system (if these  the smaller one creates the potential V;. Suppose now that in
corrections are significant, then they will have to be e ghtained mountain massif it is required to build a strictly

introduced into the measured elevations even in case of 1 ,rizontal tunnel (so that the minimum fuel consumption
may be achieved). So also let’s assume that the removal of the

rough leveling at short distances which is one of well-
soil does not change the internal field. Since all the elements

known drawbacks of the dynamic heights system).

Fig. 4 Tunnel
external V,
s‘“a\\ sphere . , external V,

internal V,
external V,

internal V,
internal V,




On the Advantage of Normal Heights

of the field are easily calculated with great precision, we
can estimate the difficulties that arises when using normal or
orthometric heights, namely the difference in altitude when
entering the tunnel and at other points. It is clear that it
will be more preferable to have a system of heights where
the difference in altitude is less.

At once it is necessary to make a reservation that in case of
strictly horizontal tunnel the choice of dynamic heights will
be the most successful (without any correction). If there is a
slope of the tunnel, the question remains open. This question
can be solved in advance. The normal gravimetric correction
consists of corrections for the nonparallelism of the level
surfaces of the normal and real fields®:

AHY =" Ah— ylm Y H"Ap + ylm > AgAh. (1)

where H” is mean height, Ag is gravity anomaly, A# is ele-
vation, yy is normal gravity on the reference ellipsoid surface.
Since there is no transition to another level surface and the
normal field is spherical, then the gravimetric correction for
the normal heights will be zero. In this particular case, the
normal heights give a result equivalent to that of dynamic
heights.

4.2 Numerical Experiment

Let us determine the heights of the points of the tunnel.
Orthometric heights Hé can be found from its definition
as the distance between the points on the tunnel floor and the
geoid with the potential W,. The latter is chosen from the
value of the potential Uy on the reference surface:

GM,

Wo = Up = Vo(Ro) = ;
Ro

where the symbols for the gravity potential W, U are

used traditionally, whereas in this case only the potential of

attraction V' makes sense (there is no centrifugal component).

At points of the geoid, we have the condition*

Vi"(ro) + Vf(Ro + N) = W, )

here ry is the distance from the center of the small sphere

to the point on the true geoid, N is the geoid height, the

3The difference of the formula adopted by Yeremeyev from the corre-
sponding formula (4—64) in the book “Physical geodesy” of Hofmann-
Wellenhof B., Moritz H. (Springer, 2006) was noticed in the book
review by M. Pick (Stud. Geophys. Geod., 50, 2006, 161-163).

“Hereafter the potentials V, U and W with parameters in brackets mean
no multiplication.
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potential of the small sphere at the internal point® at a
distance of r:

, GM; |3 1[7r)\?
e = Rll[Z_Z(RI)]’

and where the potential of a large sphere to an external point
is

3)

GM,

Vit (Ro+ N) = "

The distance ry depends on ¥ (angle between the symmetry
axis of the model and the radius vector of the current point)
and N:

1 =R2+ (Ro+ N)*> —2Ro(Ry + N)cosy.  (4)

Substituting ¢ from (4) in (3) for r in (3) and in (2) we’ll
have

GM, |:3 R%—i—(R0~|—N)2—2R0(R0+N)COSW]+
Ry |2 2R}
. GMy _ GMy
Ry+N Ry’
With « = M{/My and § = Ry + N we have

N |:3 12(R(2)+,32—2R0,3c031//)}+;=1

R |2 2R3 Ry’
The resulting cubic equation
K 5 KkRg 5 3k KR(% 1
- + cosy - B+ — - +1=0
2R§l8 R} v-p (2 R, 2R} R P

can be solved numerically and we find the geoid height N at
points with step Ay from O to y; where the tunnel ends:

R(z) + (Ro + H])Z — R%

cosy ~ 2Ro(Ro + Hy)

At the same points, one can calculate the height of the
level surface with the potential W, at the geodetic height
H; = 1 km over the center of the small sphere:

Wi = V{"(H\) + Vi*(Ro + Hy) =
_GM, (3 1 (HY N
TR |2 2\ R

3The adopted form V" (r) = 2n G§(R? — "32) can be easily expressed
as next.

GM,
Ro+ H’
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From the condition analogous to (2),
Vin(r) + Vi (Ro + Ni) = Wi,

one can obtain a cubic equation with respect to ; = Ry +
N; and numerically determine N, the geodetic height of the
tunnel floor.

The normal heights H ly of the floor surface can be
calculated proceeding from Yeremeyev’s formula (Yeremeev
1951):

H{:Wo;W: lm(GMo )
4 14
where the mean integral value of the normal gravity can be
determined directly:

p=Ro+H] _
w1 GM 1 GMm\pTREE
Y= »do= (- -
1 p 1 p p=Ro
p=Ro
1 (GM_ GM )
" H'\ Ry Ro+H)

where in the right-hand side we can substitute H ly for Ny,
the geodetic height of the floor of the tunnel. For greater
accuracy y™ and H| can be calculated by successive approx-
imations.

V. V. Popadyev

Normal height can be found strictly from its definition
as such a height for which the real and normal geopotential
numbers are equal:

Wo — Wi = Uy — Vo(Ro + H) 5
or
GM,
o =W
Ry + [11

Hence the normal heights of the points of the tunnel floor
must be strictly constant. The quasigeoid height of the tunnel
floor is { ripor = N1 — HY.

The orthometric height, by definition, is the height dif-
ference between the tunnel floor surfaces and the geoid
H8 = N; — N. The results of calculations of the normal
and orthometric height of the tunnel floor are in Table 1, the
graphs of these values are shown in Fig. 5. The normal height
varies within 9 x 107® mm, this change is due to rounding
errors, while the orthometric height varies within 2.65 cm.

Table 1 Normal and orthometric heights of the tunnel floor points

¥ 0 5.6” 44.8” 50.4”
HE& m 999,607 999,607 999,628 999,633
H”, m 999,639 999,639 999,639 999,639

Heights, meter

Physical surface H,
s, ____ Normal and Orthonetic hights of the fumel floor /_ o |
5 . normal H? | WS 1O
E
2L
¥ 99962 1 orthometric (9 ] 10
—
=y .
[}
T 999,60
N
Zfloor_~‘ \\.:"==§
thys
-1 | | |
1079 1 2x10°
¢, rad

Fig. 5 Change in normal H] and orthometric H¢ heights along the
tunnel floor: N is the true geoid height; {go0r is the quasigeoid height
of the tunnel floor; {pnys is the quasigeoid height of the external

mountain surface; N = Hpoo, is the geodetic height of the tunnel floor;
Hipphys is the geodetic height of the external mountain surface



On the Advantage of Normal Heights

From the condition (5) one can also determine the normal
heights H) and the quasigeoid heights ¢ s for points on the
outer surface of the mountain, whose real potential is

GM() GM1 GMO
W, = + = ys
Ry + H, R, Ry + H,
where the geodetic height H, can be easily found from the
cosine theorem (see Fig. 4)

H, = Ro(cosy — 1) + \/R(z)COSZl[f — R2+ R2.

From the relation {pp,s = i where T = Ggll‘, y =
GM,
(Ro+H))?

geoid height £, on the physical surface of the mountain.

given on the outer surface we can control the quasi-

5 Conclusions

Normal heights do not have a visual physical meaning, but
they have important practical significance. They are strictly
related to the solution of the Molodensky’s geodetic bound-
ary value problem, from where the anomalous potential is to
be determined.

For points on the outer surface of the mountain and in the
tunnel, the height anomalies will be different which reflects
the decrease of the anomalous field with altitude. Such an
idea of the height anomaly is justified at certain points above
the earth’s surface, for example, in the construction of large
bridges (Pick 1970).

A quasigeoid is not a “vertical reference surface”, what
with the normal heights being counted from the reference
point. After the precise leveling data are processed, to each
point of the earth’s surface, the height mark is assigned. The
normal height is related to the segment from the ellipsoid to
the point with the condition W(H) — Wy = U(H?Y) — Uj.
Along this segment the mean value y™ is calculated, but
the value of the normal height refers to the point of the
earth’s surface. Similarly the normal-orthometric height H"¢
is related to the segment from the Earth’s surface down to
the point, where the conditions W(H) — Wy = U(H) —
U (H — H"°). But the height value still refers to the point on
the earth’s surface. Between all the types of normal height
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(normal-orthometric, normal and possible intermediate vari-
ants) only the classical Molodensky’s normal height doesn’t
require any geodetic height to know.

Acknowledgements I'm grateful to Prof. Elena Peneva and Tatiana
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Abstract

The aim of the paper is to implement the Green’s function method for the solution of
the Linear Gravimetric Boundary Value Problem. The approach is iterative by nature. A
transformation of spatial (ellipsoidal) coordinates is used that offers a possibility for an
alternative between the boundary complexity and the complexity of the coefficients of
Laplace’s partial differential equation governing the solution. The solution domain is carried
onto the exterior of an oblate ellipsoid of revolution. Obviously, the structure of Laplace’s
operator is more complex after the transformation. It was deduced by means of tensor
calculus and in a sense it reflects the geometrical nature of the Earth’s surface. Nevertheless,
the construction of the respective Green’s function is simpler for the solution domain
transformed. It gives Neumann’s function (Green’s function of the second kind) for the
exterior of an oblate ellipsoid of revolution. In combination with successive approximations
it enables to meet also Laplace’s partial differential equation expressed in the system of new
(i.e. transformed) coordinates.

Keywords
Boundary value problems - Integral kernels - Laplace’s operator - Method of successive
approximations - Transformation of spatial coordinates

one or two dimensional problems. However, only very few
of these methods carried over to higher dimensions, indeed
the higher the dimension of the Euclidean space the simpler

1 Introduction

Green’s functions are an important tool in solving problems
of mathematical physics. Equally this holds for applications
in gravity field studies. The mathematical apparatus of classi-
cal physical geodesy is a typical example. Green’s function is
an integral kernel, which, convolved with input values, gives
the solution of the particular problem considered. Regarding
its construction, there exist elegant and powerful methods for
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the boundary of the region of interest had to be, see Roach
(1982). In order to preserve the benefit of the Green’s func-
tion method a suitable approximation procedure is discussed.
The aim of the paper is to implement the procedure with
the particular focus on the solution of the linear gravimetric
boundary value problem. Two approaches immediately sug-
gest themselves; either to approximate the boundary of the
region of interest or approximate the domain functional (par-
tial differential operator). We follow still another alternative
that merges both of these approaches.

In this paper x;, i = 1,2,3, mean rectangular Carte-
sian coordinates with the origin at the center of gravity
of the Earth. We identify W and U with the gravity and
a standard (or normal) potential of the Earth, respectively.
Under this notation g = grad W is the gravity vector and its
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length ¢ = | grad W | is the measured gravity. By analogy
we put y = gradU and y = | grad U | for the normal
gravity. Finally, in the general point x = (x1,x2,x3) we
have T(x) = W(x) — U(x) for the disturbing potential and
8g(x) = g(x) — y(x) for the gravity disturbance.

We will discuss the Linear Gravimetric Boundary Value
Problem (LGBVP). It is an oblique derivative problem. Its
solution domain is the exterior of the Earth. We will denote
it by 2. The problem may be formulated as follows

AT =divgrad T =0 in £, €))
aT
9 (s,grad T) = —46g on 0%, 2)
s
where
1
5§ =— y grad U, 3)

(,) is the inner product, A means Laplace’s operator and 92
represents the boundary of €2, see Koch and Pope (1972),
Bjerhammar and Svensson (1983), Grafarend (1989) and
Holota (1997). Let us add in this connection that the vector s
is assumed to be nowhere tangential to 9<2.

Now we introduce ellipsoidal coordinates u, 8, A (B is
the reduced latitude and A is the geocentric longitude in the
usual sense) related to Cartesian coordinates xj, xp, x3 by the
equations

x| = \/uz + E2cos B cos A, 4)
Xy = \/u2+Ezcos,BSin)L, (5)
X3 = usin f, (6)

where E = v/a? — b? is the linear eccentricity of an ellipsoid
of revolution with semiaxes a and b, a > b, whose center is in
the origin of our Cartesian system and whose axis of rotation
coincides with the x3-axis.

In our considerations we will suppose that A(8,A) is a
function that describes the boundary 92 of our solution
domain 2 with respect to the level ellipsoid u = b, i.e. 02 is
represented by

Xy = \/[b + h (B, A)]* + E2cos B cos A, (7

Xy = \/[b—l—h(,B,/\)]z—i-Ezcos,Bsin/\, (8)

X3 = [b+h(B,1)]sinp. 9)

P. Holota and O. Nesvadba

In addition, referring to Heiskanen and Moritz (1967), we
can reproduce that dU/dA = 0 for the normal (Somigliana-
Pizzeti) potential U and that for # = 0 we have dU/df = 0.
Moreover, for 92 close to the level ellipsoid, we can even
adopt that with a high (sufficient) accuracy dU/9f = 0 is
valid for a realistic range of & representing the boundary
02 (surface of the Earth). In consequence the boundary
condition above, Eq. (2), can be interpreted in terms of a
derivative of T with respect to u, i.e.,

oT
5 =—-w(b+hpB)sg on 092, (10)
u
where
u? 4+ E2sin’p
w(u,ﬁ):\/ 2B 11

In the following approach to the solution the LGB VP a trans-
formation (small modification) of ellipsoidal coordinates will
be applied together with an attenuation function. This will
open a way for an alternative between the boundary com-
plexity and the complexity of the coefficients of the partial
differential equation governing the solution. The approach
represents a generalization of the concept discussed in Holota
(1985, 1986, 1989, 1992a, b, 2016) and Holota and Nesvadba
(2016).

2 Transformation of Coordinates
and an Attenuation Function

Our starting point will be the mapping given by Eqs. (4)—(6),
but with

u=z+w@hp.1), (12)

where z is a new coordinate and w(z) is a twice continuously
differentiable attenuation function defined for z € [b, 00),
such that

w(@)h (B, 1) > —b, (13)
oy =1, ““wmy=0 (14)
dz
and
w(z) =0 for 2z € [zex,00),Whered < zgy. (15)

Stress that the assumption concerning the continuity of w and
its first and the second derivatives implies

dw(z) 0 lim d’w(z)

lim w(z) =0, lim s iz

=0 (16)
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for z — z,,, i.e. for z approaching z.,, from the left. Obvi-
ously, z, B, A form a system of new curvilinear coordinates

and in case that

du_1+
dz dz

d
wh>0

a7
the transformation given by Eqs. (4)-(6) with u as in Eq.
(12) represents a one-to-one mapping between the original
solution domain €2 and the outer space 2., of our oblate
ellipsoid of revolution.

The construction of the attenuation function w(z) in the
interval [b, Z.y), i.€. for b < 7 < z,,;, deserves some attention.
Here we give an example, which is also applied in this work.
We put

2 (A2)?

w(z) = exp |:2 — (A2) — (o b)2:| , (18)

where A z = z.,, — b. By direct computation we can verify
that w(b) = 1 and lim w(z) = 0. For the first derivative of

T Zext
w(z) we obtain

2
wa L HETED e ag)
) (82 = - 1)?]
do(b) _ 0 and lim do(@) _ 0. (20
dZ Z>Zoxt Z

Similarly for the second derivative of w(z) we can verify
that

Po@) _ _ 4(A0*—b) do()_
dz2 = A2 _bz2 dz
. [( 2)"—(z )J i @1
4 (Az) 16 (Az)"(z—b) w(2)
[(A—=p]  [(a0?——b)]’
and
d’w(z)
lim =0. 22
T Zoxt dzz ( )
3 Transformation of the Boundary
Condition

In the coordinates z, B, A the boundary 0<2 is defined by
z = b and its image 92, coincides with our oblate ellipsoid
of revolution. In addition the transformation changes the
formal representation of the LGBVP. Indeed, the boundary
condition turns into

aT

g, = "W+ o@hB.1).p]8g for

z=b. (23)

Hence, denoting by 0/0n the derivative in the direction
of the unit (outer) normal n of dL2.; and recalling 07/dn
= (0T/9z) (dz/dn), where dz/dn = 1/w(z, B), which follows
from differential geometry considerations, we obtain

oTr

=—1+¢ g on 09y,
on

(24)

where
E? (2bh + h?) cos?f

" s s[5+ ]

(25)

may practically be neglected (in our case). Using the val-
ues of the parameters a and b as, e.g., in the Geodetic
Reference System 1980, see Moritz (1992), together with
hmax = 8848 m, we can deduce that £ < 1.9 x 10™>cos? B.

4 Metric Tensor

Expressing Laplace’s operator of T in terms of the curvi-
linear coordinates z, 8, A, which do not form an orthogonal
system, is somewhat more complicated. In the first step we
approach the construction of the metric tensor. Putting
y3=A, (26)

=z y2=05

we easily deduce that the Jacobian (Jacobian determinant)

J:’i?x,-

ay;

=— (1 + ‘f;‘jh) [(z +wh)? + Ezsinzﬁ:l cos B
(27

of the transformation in Sect. 2 is negative (apart from its
zero values for § = — 7/2 and /2). Thus, the transformation
is a one-to-one mapping. Now we use the tensor calculus and
by means of some algebra we obtain the components of the
metric tensor

axk 8xk

(28)
dy; 0y

gij (¥) =
in the coordinates y;. In the original notation this means that

da)h 2 1+da)h oh 29)
o = [0 0]
dz > 812 dz 3B’

Ly o, h
= [0 0]
&13 dz an

gn = (1+

(30)

an\?
gn = (Z+wh)2+Ezsin2,B+oew2(a,3) . (31)
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8h oh
g3 = 8,3 R (32)
g3 = [(z + wh)2 + Ez] cos’f + aw? oh)* (33)
33 9 s
where @ = w?(z + w h, B).
5 Associated (Conjugate) Metric Tensor

Of similar importance is the associate (conjugate) metric
tensor. For the determinant g = |g;| we have g = J2.
Denoting the cofactor of g; in the determinant g by G7
and putting g/ = GY/g for the components of the associated
metric tensor, we get

1 _ 1

gh=, (1+d”h) g (1+d”h) ~

w? oh > oh
* { (e+wh)*+E2sin’ (Bﬂ) + [(Z+wh)2+E2]Cos25 (M) ’

(34)
do \~' w oh
2=_(1+ h) .
& ( dz (z + wh)® + E2%sin’B 0p
(35)
" dw )—1 a) dh
g7 =- (1 + h ,
dz [(Z +wh)* + Ez] cos2f 92
(36)
1
2 _ ’ 37
§ (z+ wh)* + E2sin’g 67
1
¢?=0 and g¥= . (38)
[(Z +wh)* + E2] cos?B
6 Laplacian
and Topography-Dependent
Coefficients

Now we are ready to approach Laplace’s operator applied on
T. In terms of the curvilinear coordinates y; (i.e. in z, 8, A) it
has the following general form

ij or ij °T 1 d/ggY ot
AT = J& 3V, (\/g gjay,) gjav,av/ + Jg Oy dy;°
(39)
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see Sokolnikoff (1971). After some algebra and neglecting
the difference

2
w2 (z+ wh,B) —w? (2. B) < 522 [Zw h + (a) h) i| cos’p,
(40)
which for Ap, = 8848 m and the values of E? and 7 = b
taken from the Geodetic Reference System 1980, see Moritz

(1992), can be estimated from above by 1.9 x 10~>cos?8, we
can deduce that

22 + E%sin’p

= AT =8(T. )], (41)
( + wh)? + E%sinB (At (. A}
where
AenT = 12+E12sin2ﬁ [(Z + Ez) + 228 +
(42)
PT _ sinf aT 2+E%in g 2T
T 9p2 Tcosp i T (24 E2)cos2p W} ,
2
§(T.h) = A% + 45T+
(43)
1 Ja P27
A 2+ Esin2 g 020B RIRRIVERY Iy )
and A; are topography dependent coefficients given by
dw -1 do ®
A = (1 + dzh) [2(dz - z) 2+Ezsm +a)AEh]

—2(1+d‘”h) 1) d,|gradEh| +

-3 )
+ (1 don) [ S REE + w?gradgh 7] o,

22+ E2sin? B
(44)
= (1+ dwh) (- a4 ) b+
22+ E?
|: - 22+E2i| h2} z2+1;—2sin2ﬁ_ 45
- (1 n ‘j;gh) * 02| gradgh |,
( ) 2w oh 46)
V2 + E2sin?B 0B’
1
2
( ) w Ja oh @7
dz V22 4 E2cos g 0A
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with

2 24 22 2
|gdeh|z _ zz+E12sinzﬂ [(gg) 4 PZHENIn’p (ah) :|

(2’,2+E2)coszﬂ A
(48)
and
— 1 32h __ sinp dh 24E%sin2f 82h
Agh = 22+ E2sin?B [3ﬂ2 cos B OB + (2+E2)cos2p 022

(49)

being the first and the second Beltrami differential operators.

7 Linear GBVP and Neumann’s Function

The disturbing potential 7 is a harmonic function in the
original solution domain €2. In the space of the curvilinear
coordinates z, 8, A, therefore, T satisfies Laplace’s equation
AT = 0 for z > b, which in view of Eq. (41) yields
AT =6(T,h) for z>0b, (50)
where 6(7,h) is given by Eq. (43). Hence in combination
with Eq. (24) the linear gravimetric boundary value problem
in terms of the curvilinear coordinates z, 8, A attains the form
AT = f in

Qo1 (51

aT

396 ’
In 1

=—V1+¢ g on (52)
where f = §(T, h) and ¢ given by Eq. (25) is as small that it
may be omitted.

Neglecting the fact that f = 6(T, k) depends on 7, we can
represent the solution of the problem formally by means of
a classical apparatus of mathematical physics. The natural
point of departure is Green’s third identity (Green’s repre-
sentation formula)

r= 4[4 () Fias
ell
(53)
_4171 f ; AT dV

Q11

with / being the distance between the computation and the
variable point of integration and dS and dV denoting the
surface and the volume element, respectively. Similarly, the
quantities with and without the subscript P are referred to
the computation and the variable point of integration. We

will generalize the formula a little. To do that, we take into
consideration a function H harmonic in 2.;. Hence AH =0
in Q. and by Green’s second identity we have

oH oT
f (T —H )dS - f HA,T dV.  (54)
on on
08211 Qe
Writing now
1
G = ;T H (55)

and combining Eqs. (53) and (54), we obtain the generalized
Green representation formula

1 0G oT 1
Tp = T -G ds — GA. T dV.
P an f ( on 3n) 4 Qj 1

08211 ell
(56)

In the following we will use the function G constructed under
Neumann’s boundary condition, i.e.

G
=0 on

08211,
o 1

(57)
which means that we have to look for a function
H = H(z, 8, 1) such that

OH 9 (1
3n:8n(1) for z=b.

(58)
In this case G represents Green’s function of the second
kind, usually called Neumann’s function. We will denote the
function G by N and from Eq. (56) we obtain that

1 1
o=, be 5y dS— f N 8(T,h) dV, (59)
=

b<z<zex:

where in addition we took into consideration Eq. (50) and
the properties of the attenuation function w(z), see Sect. 2.
On the other hand the construction of Neumann’s function
itself for the exterior of an oblate ellipsoid of revolution is
not routine as yet in contrast to problems formulated for a
spherical boundary, as e.g. in Holota (2003). For an oblate
ellipsoid of revolution the construction is discussed in Holota
(2004, 2011), Holota and Nesvadba (2014, 2018b) and in
particular in Holota and Nesvadba (2018a), equally as its
relation to Green’s function of the first kind and to the so-
called reproducing kernel.
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8 Iteration Process

The integral formula (59) represents an integro-differential
equation for 7. For clarity we put

1
Fr=, szv 8g ds, (60)
2

(KT)p = — 41n j N §(T.h) dV,

b<z<zex:

(61)

where F is a harmonic function and K7 is an integro-
differential operator applied on 7, such that

At KT =8(T,h) in Qg (62)
and
KT
=0 on 39611, (63)
on

which follows from general principles applied in construct-
ing Neumann’s function. Under this notation the problem is
to find 7 from
T=F+KT. (64)

Our aim is to apply the method of successive approximations,
ie.

T=Ilm7, T,=F+KT,, (65)

n

wheren =1,2, ...
eg.To=F.

oo and Ty is the starting approximation,

9 Operator with Reduced Degree
of Derivatives

For practical use it is convenient to modify the operator K in
order to reduce the degree of derivatives involved in §(7, h)
and to display the mutual interplay of individual terms in
8(T, h) more explicitly. Integrating by parts and neglecting
terms multiplied by E?/z>, we get

(KT)p ==} [ NAy§gdS— ]} [ NAsdv+
z=b

b<z<zext

A/ ON | oT
’ ) 3de’

+ 4171 J (AZ%IZ + W2 y %+ V24 E2cosp 04
(66)

= in28 9
b<z<Zex: 22+ E2sin’ B
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where

— _ 04y _ 2 _
As = A =7 2+ E2sin?B 4

_ 1 (3A3 _sinf 4 )_ e 344
S Esig \ 0B cosp 3 )T Uog preosp 04

(67)
Note. It may be interesting that for w(z) = 1, i.e. Z,y = 00,
we get As = — Agh directly from Eq. (49).

10 Conclusions

Loosely speaking, the operator K “consumes” derivatives.
The question is how the operator transforms the differentia-
bility of the function T or what is the range of the operator
for an initially chosen function space, i.e. an initially chosen
domain of the operator? This feature is of considerable
importance. Its impact will take effect immediately in case
that we try to proof the convergence of the iteration proce-
dure as in Eq. (65) by means of tools of functional analysis.
The key step is to show that K is a contraction mapping
which (if proved) guarantees the convergence of the iteration
procedure on the basis of Banach’s fixed point theorem,
see e.g. Lyusternik and Sobolev (1965). This approach was
already discussed in Holota (1985, 1986, 1989, 1992a, b) for
E = 0 and functions from Sobolev’s space Wz(z) produced
(roughly speaking) by functions which together with their
(generalized) derivatives of the Ist and the 2nd order are
square integrable on a spherical layer. In this case it was
shown that K is as mapping from Wz(z) onto Wz(z) and its
contractivity depends on essential supreme values of the
topography dependent coefficients A;, i = 1,2, 3, 4. The most
intricate step to estimate the second order derivatives of KT
has been done by means of the Calderon-Zygmund inequality
(which belongs to L, estimates for Poisson’s equation), see
Gilbarg and Trudinger (1983). As a result the convergence
of the iteration procedure was proved for a realistic range
of heights and relatively gentle slopes and curvatures of the
topography, see Holota (1992b).

Nevertheless, by nature these are a priori estimates and
the results concerning the solvability of the LGBVP may
differ a bit. Indeed, studies on the existence, uniqueness and
stability of the LGBVP, as e.g. in Holota (1997) and by Sanso
in Sanso and Sideris (2013), show that the requirements on
the topography may be considerably milder. In particular, in
his proof Sanso shows that the inclination should be smaller
than about 89°. In addition also the use of the ellipsoidal
apparatus for the construction of the iteration procedure has
its impact on the behavior and the speed of the convergence
of the successive approximations.
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For all these reasons it may be very instructive to use a
numerical approach. The idea is given attention in the ongo-
ing research. First step in this direction was the application
of the integration by parts in Sect. 9 that decreases the order
of derivatives in the operator K and keeps Lebesgue integra-
bility at the same time. Considerable attention is also given
to the investigation on how the successive approximations of
the solution behave close to the boundary and how they attain
the boundary values. Preference is given to the classical
(pointwise) definition of these properties. These goals are
challenging, but we believe they will enrich the solution of
the problem.
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Abstract

In global studies, the Earth’s gravitational field is conveniently described in terms of
spherical harmonics. Four integral-based solutions to a gravitational curvature boundary-
value problem can formally be formulated for the vertical-vertical-vertical, vertical-vertical-
horizontal, vertical-horizontal-horizontal and horizontal-horizontal-horizontal components
of the third-order gravitational tensor. Each integral equation provides an independent set
of spherical harmonic coefficients because each component of the third-order gravitational
tensor is sensitive to gravitational changes in the different directions. In this contribution,
estimations of spherical harmonic coefficients of the gravitational potential are carried out
by combining four solutions of the gravitational curvature boundary-value problem using
three methods, namely an arithmetic mean, a weighted mean and a conditional adjustment
model. Since the third-order gradients of the gravitational potential are not yet observed
by satellite sensors, we synthesise them at the satellite altitude of 250 km from a global
gravitational model up to the degree 360 while adding a Gaussian noise with the standard

deviation of 6.3 x 10719 m™!

s2. Results of the numerical analysis reveal that the arithmetic

mean model provides the best solution in terms of the RMS fit between predicted and
reference values. We explain this result by the facts that the conditions only create additional
stochastic bindings between estimated parameters and that more complex numerical
schemes for the error propagation are unnecessary in the presence of only a random noise.
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1 Introduction

Solutions to a spherical boundary-value problem lead to
spherical harmonic series or surface integrals with Green’s
kernel functions (e.g., Jekeli 2009). When solving this
problem for higher-order gradients of the gravitational
potential as boundary conditions, more than one solution is
obtained. The solutions to the gravimetric, gradiometric and
gravitational curvature boundary-value problems (Martinec
2003; Sprlék and Noviak 2016) lead to two, three and four
formulas, respectively. From a theoretical point of view, all
formulas should provide the same solution, but practically,
when discrete noisy observations are exploited, they do not.

a1

P. Novik et al. (eds.), IX Hotine-Marussi Symposium on Mathematical Geodesy,
International Association of Geodesy Symposia 151, https://doi.org/10.1007/1345_2019_68
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Fig. 1 Differences between vertical-vertical-vertical (VVV), vertical-
vertical-horizontal (VVH), vertical-horizontal-horizontal (VHH) and
horizontal-horizontal-horizontal (HHH) solutions and EGM2008 up to
the degree 360

This is illustrated by Fig. 1, where differences between
the vertical-vertical-vertical (VVYV), vertical-vertical-
horizontal (VVH), vertical-horizontal-horizontal (VHH)
and horizontal-horizontal-horizontal (HHH) solutions to the
gravitational curvature boundary-value problem are plotted
and compared with the EGM2008 gravitational spectrum
(Pavlis et al. 2012, 2013) complete up to the degree 360.
Since the four solutions of the gravitational curvature
boundary-value problem are not equal, their combination is
required. In this study, we investigate three different methods
for combining the VVV, VVH, VHH and HHH solutions
by applying an arithmetic mean, a weighted mean and a
conditional adjustment model (CAM) in order to obtain
the unique solution. To do so, we modify the CAM to
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fit the combination of the four solutions and then derive
corresponding expressions for estimating the adjusted errors.
A similar study was conducted for the spherical gradiometric
boundary-value problem by Eshagh (2010), who applied the
variance component estimation technique to the CAM in
order to obtain an improved combined solution.

Currently, sensors for measuring components of the grav-
itational curvature tensor at the Earth’s surface or at the
satellite altitude are not yet available. However, the VVV
component was already observed in laboratory conditions,
see, e.g., (Balakin et al. 1997; Rosi et al. 2015). Hence, we
use synthetic data that are compiled from an existing global
gravitational model.

The paper is organized into five sections, beginning with
a brief overview of the spherical gravitational curvature
boundary-value problem in Sect. 2, which is followed by the
description of the combination strategies in Sect. 3 and the
numerical experiment in Sect. 4. The study is concluded in
Sect. 5.

2 Gravitational Curvature
Boundary-Value Problem

The solutions to the gravitational curvature boundary-value
problem in the spectral form were presented by Sprlak et al.
(2016):
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where GM denotes the geocentric gravitational constant,
t, = (R/r)"** is the degree-dependent attenuation factor,
R is the Earth’s mean radius and Y, , (R2) is the (fully-
normalized) spherical harmonic function of degree n and
order m. The 3-D position in Egs. (1a)—(1d) and thereafter
is defined by the spherical coordinates (r, £2); where r is the
geocentric radius, and Q = (¢, A) is the geocentric direction
with the spherical latitude ¢ and longitude A. The parameter
B! in Egs. (1a)—(1d) is

(i+l)R4 (n —l)' .

B,’l = (_1) (n +3)‘ = Os 172735

2
where the index i = 0, 1, 2, 3 specifies respectively the
VVYV, VVH, VHH and HHH solutions (cf. gprlék etal. 2016;
gprlék and Novdk 2016). Symbols T,,., i, v, T € {x,y,2} in
Egs. (1a)—(1d) stand for ten components of the gravitational
curvature tensor. We note that only the VVV solution can
be used for the recovery of the full Earth’s gravitational
spectrum (up to a certain degree) because the VVH solu-
tion is restricted to non-zero degree spherical harmonics.
Similarly, the solutions to the VHH and HHH components
comprise the spherical harmonics above the degree one and
two, respectively. Our combined solution is thus carried out

2 2
pO= (1760 )" ot = (1750

for higher than second-degree spherical harmonics (i.e., for
n>2).
After vectorization of Egs. (1a)—(1d), we arrive at

CJOVL =b;", o,

n.m

Cln =%t +bEt,,

n.m

G =Dt + bt + Bt

n.m

3
Cn = Bt + B2ty + Bt + ity

3)

xXxy Xyy 3.XyZ Yy Ry Rz
where bz);f, by s b;%, by bum, b,);z,fp by, bym, bum and
b, are the row vectors obtained from discretization of Egs.

(la)—(1d); and t,, txxy, to, txyy, txyz, tizz, tyyy, tyyz’ tyz:’, and
t,.. are the column vectors of Ty, Trxys Taxzs Tryys Tayzs Trzzs
Tyyy, Tyy;, Ty, and T, observations.

3 Combination Strategies

We apply three different strategies to combine the solutions
based on Egs. (1a)-(1d), namely the arithmetic and weighted
means as well as the CAM. Details are given in the following
subsections.

3.1 Arithmetic Mean

The simplest strategy to combine the VVV, VVH, VHH and
HHH solutions is based on applying a simple arithmetic
mean. Each of the four solutions of the gravitational
curvature boundary-value problem contributes to the
combination with the equal weight. We then write for the
arithmetic mean solution

0 1 2 3
csw _ Cim + Gl + Gl + G
nm .

4 “)

3.2 Weighted Mean
Alternatively, we can apply a weighted mean, so that the
solution reads

cwm _ Cimpim + Cinpin + Cimpion + Cilnpion
nm T

0 1 2 3 ’
20+ I+ pA 4 pi

(%)
where the individual weights are defined by
@ @\ 0 @\
s Pnm = (1/8nm) s Pnm = (1/5)1,)11) . (6)

Mean errors e,(,i,z,l,i = 0, 1,2, 3, respectively, correspond

to the VVV, VVH, VHH and HHH solutions.

3.3 Conditional Adjustment

Before describing the CAM, we set six conditions of the form
0 1 0 2 0 3
Caon — Cam = 0,Con — Ciop = 0, G0y — Cioy = 0,

1 2 1 3 2 3

Cim — Com = 0, G — Gy = 0, Gl — Gy = 0.
)

These conditions postulate that the differences between

the four solutions (in terms of spherical harmonics) equal
zero. We then define the CAM as follows (Koch 1999)
B(L—¢) =wwith £ {ee” } = 55Q. 8)

where B is the coefficient matrix of observations, L is the
observation vector, &€ stands for the vector of the observation
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noise, w is the misclosure vector, E{-} denotes the expecta-
tion operator, og is an a priori variance factor, and Q is the
co-factor matrix. The solution to the system of conditional

equations in Eq. (8) in terms of the estimated residuals reads

én,m = Q(Bn,m)TI:Bn,mQ(Bn,m)T]_lwn,m = Q(Bn,m)T[Cn,m]_lwn’m- (9)

From Eqgs. (la)—(1d), we write six conditions but only
arbitrary five of them are independent and the matrix C, ,,
is regular, i.e., an inversion of C, , exists. We chose the
first five conditions defined in Eq. (7) in our numerical
experiment. The conditional equations have the following
vector-matrix form

B,,([L—¢)=0, (10a)
where

T
L= [tzzz txzz tyzz txxz tyyz txyz Coxx txyy tyyy txxy] s
(10b)

and

b, by b 0 0 0 0 0 0 0
bio, 0 0 —huiobiiobi 00 0 0

By=|b% 0 0 0 0 0 —bE-b-bh b |, (10c)
0 b WS bbb 0 0 0 0
0 BE BS 0 0 0 —bru—bY b b

The misclosure vector comprises five elements, particu-
larly

_p=z tT +prz tT +byzz tT

(Wl) n,m“zzz n,mvxzz nmtyzz
nm 222 V
(W2 m = b, b bty bt
Wom = | (W3)ym | = = b A D A b € A bt b : (1n
EW4;””" - b;,z;:ttzzz - b’};?’fltgzz+b2:§ét)7c—xz+b’);%t§yz+b2%t){yz
ws ¢4 XY) yy) X2
o = b5t — bt AT AD L bt bt
If we disregard correlations between components of the
third-order disturbing gravitational tensor, the co-factor
matrix simplifies to the following diagonal form
Q = diag [QZZZ Q. Qyzz Qxx: nyz Qxyz Quxx Qxyy nyy Qxxy] s (12)

where Qyi, 7, j, k = x, y, z denote the individual co-factor
matrices for t, i, j, k = x, y, z.
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The elements of the matrix C,, ,, in Eq. (9) read

(1) = D5 Quee(B}5) " + D15 Qe (025)" + b5, Que(b55,)

(€21 = b3, Qe (bZZ, ) €13)ym = (€30)0m = (€23) = (32),m = (€12), 0 = (€21),
(€40 = D35 Qu(b35) D15 Q= (005)

(€14)ym=—(c45)y = —(c54) =015, ,n=0(¢51) ;0 = (€4.1),, >

(€22) = D Quec(B35) "+ BiQuyc(Bi5) " + BIQuye (b5) " + b3, Qe (05,) "
(C42)m = (€28) = D5 Qusc (035) " + B Quyc (027) " + By (027) "

(€25)ym = (¢52),,, = (c4, 3)n m=(c34),,, =0,

(C3 3)71 m bz:);nYvax(
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+ 575 Qua(bi%)" + b5,

xvx)
n,m

xnyvyv( xx))

A

Finally, after correcting observed values (i.e., compo-
nents of the third-order gravitational tensor) by applying the
adjusted errors,

L=L-¢ (14)
all four solutions must provide the same spherical harmonic
coefficients. The resulting spherical harmonic coefficients

can then conveniently be computed from the simplest solu-
tion according to Eq. (1a).

4 Numerical Experiment

The three methods of combining the solutions to the spher-
ical gravitational curvature boundary-value problem pre-
sented in Sect. 3 are compared here.

4.1 Data Preparation

We synthetize ten components of the third-order gravita-
tional tensor by expressions derived by Haméackova et al.
(2016) at a satellite altitude of 250 km (above the mean
sphere of the radius R = 6378136.3 m). We use EGM2008
coefficients up to the spherical harmonic degree 360. The
gravitational curvatures are generated in a global equiangular
grid with the sampling interval of 0.25 arc-deg to avoid
aliasing (Rexer 2017). We then generate the Gaussian noise

b Quyy (05) 453 Qe (D) 4 B2 Qo (0325) (13)
xvaxy}( WV) +brvtyn¥ xxy(bzzvrit])T
e (i) 4 535 Quee(035) " + B Que ()"
by Qe ( xy}) DU Qu ( y)y)T
with the standard deviation of 6.3 x 107! m~! s~2. This

theoretical value characterizes an analytical error of the
differential accelerometry (Sprlak et al. 2016) by assuming
the following parameters (of a hypothetical gravity-dedicated
satellite mission): the mutual separation of two adjacent
accelerometers AXx = X3 — X; = Xp — X[, X = {x,y,2} i8
0.5 m, the mission duration is 1,270 days, the satellite altitude
is 250 km, the maximum spherical harmonic degree is 360
and the data-sampling interval is 1 s.

4.2 Design of the Numerical Experiment

We perform the spherical harmonic analysis according to
the expressions in Egs. (1a)—(1d) to calculate the spherical
harmonic coefficients (up to the harmonic degree 360) indi-
vidually for the VVV, VVH, VHH and HHH solutions. As
inputs, we used ten defining components of the gravitational
curvature tensor polluted by the Gaussian noise. Note that
the noise of the spherical harmonics obtained from the VVV,
VVH, VHH and HHH solutions respects the ratio sf,% :
e,(,{,),l : e,(,z,)n : e,(,%,)n ~ 1 :1 : 3 : 10 as derived in
gprlék et al. (2016). In other words, the VVV and VVH
solutions contain the least noise, while the HHH solution
is the most polluted. We removed from spherical harmonic
coefficients the discretization error, before we calculated
combined solutions. The discretization error was estimated
as the difference between spherical harmonic coefficients
from EGM2008 up to the degree 360 and spherical har-
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monic coefficients calculated from Egs. (1a)—(1d). Note that
we used gravitational curvatures synthetized directly from
EGM2008 up to the degree 360, i.e., input values contained
no noise. We then compute the combined solutions C,,S, M by
applying the arithmetic mean (Eq. 4), the weighted mean (Eq.
5) and the CAM (Sect. 3.3).

4.3 Results

To compare the three solutions, we present results in two
different ways. First, we plot the number of common digits in
the combined solutions obtained from the simple mean, the
weighted mean and the CAM, see Fig. 2. As it can be seen, all
three solutions have a relatively good fit with the EGM2008
reference values at low degrees roughly up to the degree
100. By increasing the spherical harmonics, the number of
common digits decreases.

In addition, we plot the degree variances of all three
solutions, see Fig. 3. As seen, all combined solutions fit the
EGM2008 gravitational spectrum up to the degree 240. We
obtained the largest differences with respect to EGM2008
for the CAM solution. The differences are about five orders
of magnitude larger than those attributed to the arithmetic-
and weighted-mean solutions. Moreover, the arithmetic mean
solution has the best fit with the EGM2008 spectrum.

The results can be explained in a very simple way. As
we discuss in Sect. 4.1, each of the ten components of the
gravitational curvature tensor was polluted by the Gaussian
noise with the standard deviation of 6.3 x 107" m™! s72,
Thus, the random errors in the four solutions of the gravi-
tational curvature boundary-value problem are uncorrelated
and reach the ratio 85,(2,, : 85,12,, : 85,2,,,, : 55,32,, ~1:1:3:10,
see §prla’lk et al. (2016) for more information. In the solution
based on the arithmetic mean each input had the same weight
while in the other two solutions weights of inputs were
based on the ratio defined above. Different weights applied
to the four solutions of the gravitational curvature boundary-
value problem have been reflected in the estimated values
of spherical harmonics. Five conditions in the CAM only
form additional stochastic bindings between the unknown
spherical harmonics and the model is solvable also without
conditions. As we could see the conditional equations make
the solution even worse and do not improve the fit achieved
by the weighted mean.
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a) SM number of common digits

360
360 180 0 180

Snm + Orderm — Cnm

360

b) WM number of common digits

360
360 180 0 180

Snm + Orderm — Cnm

360

c) CAM number of common digits

0
360

180 0 180
Snm « Orderm — Cnm

360

Fig. 2 Number of common digits of combined solution based on the
simple mean (SM), a), the weighted mean (WM), b) and the condition
adjustment model (CAM), ¢)
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Fig. 3 Differences of degree variances between combinations obtained
by the simple mean (SM), weighted mean (WM) and the condition
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360 (a) and the detail for the bandwidth 240-360 (b)

5 Conclusions

We test three different methods for combining the four
solutions to the spherical gravitational curvature boundary-
value problem, i.e., the simple and weighted means, and the
conditional least-squares adjustment.

Despite the highest complexity of the conditional least-
squares adjustment, this method does not provide the best
result. On the contrary, the simple mean provides the best
solution in terms of the fit of the predicted values to the
EGM2008 reference model. Our results also confirm find-
ings of Eshagh (2010), who conducted a similar study for
combining the three solutions of the spherical gradiometric

boundary-value problem and concluded that the simple mean
method provides superior results.

The results also reveal that in the presence of an uncor-
related random noise equal for all ten components of the
gravitational curvature tensor, the arithmetic mean provides
the best solution and the more complex estimation models
as the weighted mean or the conditional adjustment are
unnecessary.
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Abstract

Our planet Earth is constantly deforming under the effects of geophysical processes that
cause linear and nonlinear displacements of the geodetic stations upon which the Interna-
tional Terrestrial Reference Frame (ITRF) is established. The ITRF has traditionally been
defined as a secular (linear) frame in which station coordinates are described by piecewise
linear functions of time. Nowadays, some particularly demanding applications however
require more elaborate reference frame representations that can accommodate non-linear
displacements of the reference stations. Two such types of reference frame representations
are reviewed: the usual linear frame enhanced with additional parametric functions such
as seasonal sine waves, and non-parametric time series of quasi-instantaneous reference
frames. After introducing those two reference frame representations, we briefly review the
systematic errors present in geodetic station position time series. We finally discuss the
practical issues raised by the existence of these systematic errors for the implementation of
both types of non-linear reference frames.

Keywords
ITRF - Nonlinear motions - Reference frames - Reference systems

measure self-consistent sea level rise over several decades,
through the usage of satellite altimetry data and tide gauges?
How to accurately determine point positions on the Earth

1 Introduction

Where am I and how to accurately navigate between places
on Earth, oceans and in space? How to plan for territory
and land management (construction, mining, civil engineer-
ing, national boundaries delimitation)? How to ensure that
geospatial data are inter-operable within a country, a region
and globally? How to locate areas and people at risk (natu-
ral disasters: earthquakes, tsunamis and flooding)? How to
accurately determine orbits of artificial satellites? How to
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surface that is constantly deforming? In order to answer
these crucial questions and to enable operational geodesy
and Earth science applications, a unified terrestrial reference
system and its materialization by an accurate terrestrial
reference frame are needed. This is the purpose of the Inter-
national Terrestrial Reference System (ITRS; see Chapter 4
in Petit and Luzum 2010) and of its materialization by the
International Terrestrial Reference Frame (ITRF).

The successive releases of the ITRF are provided in the
form of reference regularized coordinates X (¢) for a set of
geodetic stations, described by mathematical functions of
time and obtained from the adjustment of data from the four
contributing space geodetic techniques (VLBI, SLR, GNSS,
DORIS). From ITRF91 (Altamimi et al. 1993; Boucher
et al. 1992) to ITRF2008 (Altamimi et al. 2011), reference
station coordinates have been described by piecewise linear
functions of time, able to capture linear station motions
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(e.g., tectonic motions, post-glacial rebound) and abrupt
position changes (e.g., co-seismic displacements, equipment
changes). The latest ITRF2014 solution (Altamimi et al.
2016) additionally includes logarithmic and exponential
functions that describe the post-seismic displacements of
stations affected by large earthquakes.

Other non-linear crustal motions, such as non-tidal load-
ing deformation, are however not accounted for by the
ITRF station coordinates. This implies that the ITRF sta-
tion coordinates do not represent the instantaneous shape
of the Earth, but only a linearly varying approximation.
This also has for consequence that the ITRF origin can
indeed not coincide with the instantaneous Earth’s cen-
ter of mass (CM), but can only follow CM linearly with
time.

The needs of most Earth science and operational geodesy
applications can be met with a linear frame such as the
ITRE. Some demanding applications such as satellite precise
orbit determination (POD) however require precise instanta-
neous station coordinates (i.e., including non-linear station
motions) expressed with respect to the instantaneous CM.
This paper therefore discusses possible alternative refer-
ence frame representations able to capture non-linear station
motions, and issues related to their practical implementa-
tion.

2 Non-linear Reference Frame
Representations

Two main types of reference frame representations can be
considered in order to capture non-linear station motions.
The first possibility is to enhance the piecewise linear model
of ITRF station coordinates with additional parametric func-
tions. The second possibility is to represent a reference frame
as a (non-parametric) time series of quasi-instantaneous
frames. These two possible representations are briefly intro-
duced in the next subsections.

2.1 Augmented Parametric Reference

Frame

The classical piecewise linear model of ITRF station coordi-
nates can in principle be augmented with additional paramet-
ric functions of time in order to describe non-linear station
motions. This is already partly the case with the ITRF2014
solution, which includes logarithmic and exponential func-
tions that describe the post-seismic displacements of stations
affected by large earthquakes. In such an augmented para-
metric representation, the reference coordinates X (¢) of a
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station would be given by:

X(t) = X(to) + (t —10)- X + ) _8X@)psp + ) _8X(0)s
(1)

where X (zp) + (¢ — 1) - X is the classical linear model of
the station coordinates, Y §X (¢) psp is a sum of parametric
functions of time describing post-seismic displacements of
the station (if any), and ) 8X(¢)s is a sum of additional
parametric functions of time describing the other non-linear
displacements of the station with respect to CM.

Various choices could in principle be made for these
additional parametric functions, such as polynomials, Fourier
series or splines (Dermanis 2008). However, a large fraction
of the non-linear variability in observed geodetic station
position time series arises from seasonal variations, and the
still unmodeled geophysical phenomena that induce non-
linear deformation of the Earth’s crust (e.g., non-tidal load-
ing, thermal expansion) are also dominated by seasonal vari-
ations (Collilieux et al. 2007; Altamimi and Collilieux 2010).
We therefore argue that sine waves at the annual frequency
(and its few first harmonics) are likely the most benefi-
cial choice of additional parametric functions »_ §X(¢)s.
We will hence limit our discussion about augmented para-
metric reference frames to the augmentation of the ITRF
piecewise linear model with annual, semi-annual, etc. sine
waves.

2.2 Non-parametric Reference Frame

A quasi-instantaneous reference frame consists of refer-
ence coordinates of a network of stations valid at a given
epoch only. A time series of such quasi-instantaneous CM-
centered reference frames can in principle embed the non-
linear motions of the stations with respect to CM, and
defines what we refer to as a “non-parametric reference
frame”. Compared to a linear reference frame augmented
with seasonal sine waves, such a non-parametric reference
frame has the theoretical advantage that it can capture non-
linear station motions at all frequencies, and not only at
the annual harmonic. An example of such a non-parametric
reference frame is the JTRF2014 (Abbondanza et al. 2017): a
time series of weekly reference frames determined using the
ITRF2014 input data of the four techniques and a Kalman
filter and smoother approach. Another example of such frame
is an SLR time series of station coordinates that naturally
follow the instantaneous CM (as sensed by SLR) and the
SLR intrinsic scale, but aligned in orientation to an external
frame such as the ITRF.
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3 Technique Systematic Errors

Whether obtained from the adjustment of parametric
functions or from the sequential adjustment of quasi-
instantaneous coordinates, non-linear reference frames
would in any case be based on station position time series
provided by the four contributing space geodetic techniques.
The non-linear variations in those time series are however
known to comprise various systematic errors, which, as we
shall see in Sect.4, raise serious practical issues for the
implementation of non-linear reference frames.

Non-linear variations in GNSS station position time series
are for instance known to reflect:

— Real geophysical crustal motions. Modeled loading defor-
mation explains in particular about half of the observed
vertical annual variations; but only 15-20% in horizontal
(Ray et al. 2011; Xu et al. 2017), as well as a mod-
est part of the observed aperiodic variations in vertical
(Rebischung et al. 2018). Thermoelastic surface deforma-
tion has been shown to explain an additional 7-9% of the
observed annual variations, both in horizontal and vertical
(Yan et al. 2009; Xu et al. 2017).

— Artificial variations, such as the spurious periodic signals
at harmonics of the GPS draconitic year evidenced by Ray
et al. (2008), due to errors in GNSS observations or in
their modelling.

— Unexplained variations: a significant fraction of the
observed seasonal variations, as well as most of the
observed aperiodic variations, remain to be precisely
understood, but likely result from the superposition of
multiple sources such as local (non-loading) ground
deformation, thermal deformation of the monuments,
GNSS systematic errors

Non-linear variations in SLR, VLBI and DORIS station
position time series are generally noisier than in GNSS
station position time series, hence not as well characterized,
but must similarly result from the superposition of real
ground deformation, monument deformation and technique
systematic errors. Systematic errors are not only present in
individual station position time series, but also in the tech-
nique determinations of the location of CM (i.e., geocenter
motion) and of the terrestrial scale:

— Although they have benefited from various modelling
improvements, recent DORIS determinations of geocen-
ter motion and of the terrestrial scale still exhibit spurious
non-linear variations (Moreaux et al. 2016; Altamimi
et al. 2016).

— Geocenter motion time series derived from the GNSS
contribution to ITRF2014 similarly show unreliable non-
linear variations (Rebischung et al. 2016).

— SLR determinations of non-linear geocenter motion are
considered as the most reliable, but are likely not free
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of systematic errors. Besides, SLR determinations of the
terrestrial scale are known to be significantly affected by
station range biases (Appleby et al. 2016).

— Finally, VLBI is insensitive to the location of CM, and
VLBI determinations of the terrestrial scale are prone to
errors due to thermal and gravitational deformation of the
antennas (Sarti et al. 2009, 2011; Gipson 2018).

4 Consequences
for the Implementation
of Non-linear Reference Frames

This last section discusses several practical issues raised by
the existence of the technique systematic errors summarized
in Sect.3 for the implementation of non-linear reference
frames.

4.1 Augmented Parametric Reference

Frame

The purpose of implementing non-linear reference frames is
to provide demanding users with instantaneous reference sta-
tion coordinates, which describe the instantaneous shape of
the Earth, and are expressed with respect to the instantaneous
CM. In the simplest possible case of a linear reference frame
augmented with annual sine waves only, the objective is thus
to determine reference annual motion of geodetic sites with
respect to CM.

As mentioned in the previous section, DORIS and GNSS
determinations of non-linear geocenter motion are currently
still unreliable, so there is no other practical choice but to
refer those reference annual site motions to the origin of
SLR-derived annual displacements, even if it is not perfectly
CM. The situation is similar as for the linear ITRF coordi-
nates, which are referred, by default, to the linear CM as
sensed by SLR.

The question then arises how to transfer the origin of SLR-
derived annual displacements to the annual displacements
of the other techniques. This could be done reliably if
technique-specific annual displacements could be assumed
to be similar (in the sense of a geometrical similarity trans-
formation) over a set of co-located stations. The annual
displacements from the different techniques could then be
combined into unique reference annual site motions, just like
station velocities from the different techniques are combined
into unique site velocities in the ITRF computation.

Given the existence of the various systematic errors that
affect technique-specific annual displacements (Sect. 3), the
assumption of their similarity can however be questioned.
What can indeed be the meaning of a combination of annual
displacements from the different techniques when significant
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Fig. 1 Differences between vertical annual displacements at SLR
stations derived, on one hand, from SLR solutions only, and on the
other, from a combination of solutions from the four techniques. The

fractions of the observed displacements do not reflect real
ground motion, but technique systematic errors? In order
to illustrate this issue, Fig. 1 shows the differences between
vertical annual displacements at SLR stations derived, on one
hand, from SLR solutions only, and on the other, from a
combination of solutions from the four techniques. The data
used are in both cases the technique inputs to ITRF2014,
and the annual displacements are in both cases referred to
the origin of SLR-derived annual displacements. The large
differences visible in this figure for the majority of sites are
the consequence of combining discrepant SLR- and GNSS-
derived annual signals at co-location sites. Only 4 co-location
sites, out of 18, show an agreement between SLR and GNSS
annual signals better than 1 mm in amplitude.

A detailed study about the feasibility of combining annual
displacements from the four techniques was carried out
by Collilieux et al. (2018). They highlighted a number of
co-location sites where the annual displacements from the
different techniques are in clear disagreement. Apart from
these “outliers”, they found an overall level of agreement
between annual displacements from GNSS, SLR and VLBI
of the order of 1 mm in horizontal and 2 mm in vertical,
DORIS-derived annual signals being clearly less consistent

0’ 60°

120° 180°

amplitudes and phases of the differences are represented by the lengths
and orientations of the arrows, respectively. Blue (resp. red) arrows
indicate differences with amplitudes smaller (resp. larger) than 1 mm

with the other techniques. These numbers are an indication of
the best level of consistency (precision) that can be reached
with current geodetic solutions. While they might appear
satisfactory, the question nevertheless remains of how accu-
rately the obtained combined annual displacements describe
real crustal motion with respect to CM. This question can
only be answered when:

— systematic errors in the annual signals from the different
techniques are better understood,

— the accuracy of the annual geocenter motion sensed by
SLR is externally assessed.

4.2 Non-parametric Reference Frame
Regarding the implementation of a non-parametric reference
frame (i.e., a time series of quasi-instantaneous reference
frames), the same issues as raised in the previous section
for a linear reference frame augmented with annual varia-
tions basically hold, but over all frequencies instead of at
the annual frequency only. The additional questions to be
considered are thus:
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— How accurate is the non-linear, non-annual geocenter
motion sensed by SLR?

— How similar (i.e., combinable) are the non-linear, non-
annual displacements from the different techniques at co-
location sites?

— How representative of real ground motion are those non-
linear, non-annual displacements?

These are to our knowledge open research questions
which require dedicated investigations. A partial answer to
the last question can however already be given: part of
the observed non-linear, non-annual displacements, such as
draconitic signals in GNSS station position time series, do
indeed definitely not represent real ground motion. Such
known systematic errors would consequently need to be
taken into account when implementing of a non-parametric
reference frame which aims at describing the actual shape
of the Earth, rather than a mix of technique errors. More
generally, the implementation of a non-parametric reference
frame would require the technique systematic and random
errors to be well characterized over all frequencies, so that
they could be either filtered out, or accounted for statistically,
when combining the non-linear displacements from the dif-
ferent techniques.

5 Conclusion

Two types of non-linear terrestrial reference frame represen-
tations have been considered in this paper: the usual linear
frame enhanced with additional parametric functions such
as seasonal sine waves, and non-parametric time series of
quasi-instantaneous reference frames. The difficulties raised
by the existence of technique systematic errors for the imple-
mentation of both types of non-linear reference frames have
been discussed. The key issue lies in the fact that current
knowledge does not allow to separate technique system-
atic errors from real non-linear ground motion/geocenter
motion. In view of establishing reliable and accurate non-
linear terrestrial reference frames, a better understanding
and characterization of the technique systematic errors is
therefore essential.
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Abstract

LARES, an Italian satellite launched in 2012, and its successor LARES-2 approved by
the Italian Space Agency, aim at the precise measurement of frame dragging predicted by
General Relativity and other tests of fundamental physics. Both satellites are equipped with
Laser retro-reflectors for Satellite Laser Ranging (SLR). Both satellites are also the most
dense particles ever placed in an orbit around the Earth thus being nearly undisturbed by
nuisance forces as atmospheric drag or solar radiation pressure. They are, therefore, ideally
suited to contribute to the terrestrial reference frame (TRF). At GFZ we have implemented
a tool to realistically simulate observations of all four space-geodetic techniques and to
generate a TRF from that. Here we augment the LAGEOS based SLR simulation by LARES
and LARES-2 simulations. It turns out that LARES and LARES-2, alone or in combination,
can not deliver TRFs that meet the quality of the LAGEOS based TRF. However, once the
LARES are combined with the LAGEOS satellites the formal errors of the estimated ground
station coordinates and velocities and the co-estimated Earth Rotation Parameters are
considerably reduced. The improvement is beyond what is expected from error propagation
due to the increased number of observations. Also importantly, the improvement concerns
in particular origin and scale of the TRF of about 25% w.r.t. the LAGEOS-combined TRF.
Furthermore, we find that co-estimation of weekly average range biases for all stations does
not change the resulting TRFs in this simulation scenario free of systematic errors.

Keywords
LAGEOS - LAGEOS-2 - LARES - LARES-2 - Terrestrial reference frame

1 Introduction

The project GGOS-SIM (Schuh et al. 2015) resulted in
a powerful tool that enables the simulation of the space-
geodetic techniques Very Long Baseline Interferometry
(VLBI), Satellite Laser Ranging (SLR), Global Navigation
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Radiopositioning Integrated by Satellite (DORIS) in order to
test various effects on the Terrestrial Reference Frame (TRF).
The requirements set by the Global Geodetic Observing
System (GGOS) on accuracy and stability of the TRF
are 1 mm and 0.1 mm/year (Gross et al. 2009). In a first
attempt, the observations of the 2008 to 2014 (inclusive)
ground networks of all the space-geodetic techniques have
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been simulated close to reality. Eventually the individual
techniques are evaluated for the derivation of technique-
specific and combined TRFs. The simulation of VLBI
observations and VLBI-only TRFs is described in Glaser et
al. (2016). The combination of the VLBI and SLR techniques
based on so-called global and local ties and the extension of
the global VLBI network by new stations is discussed in
Glaser et al. (2017). The extension by new stations in case of
SLR is discussed in Otsubo et al. (2016), Kehm et al. (2018)
and Glaser et al. (2019b). The impact of different local tie
scenarios on the combined GPS, SLR, and VLBI TRF was
investigated in Glaser et al. (2019a). Simulations of LARES
and LARES-2 regarding their main purpose to test General
Relativity were performed by e.g., Ciufolini et al. (2013,
2017b)

For recent global TRFs, f.i. the ITRF2014 (Altamimi et al.
2016), SLR provides the fundamental datum parameters ori-
gin and, together with VLBI, the scale. The input from SLR
to the ITRF2014 is provided by the analysis and combination
centers of the International Laser Ranging Service (ILRS,
Pearlman et al. 2002) where the solution is mainly based
on LAGEOS and LAGEOS-2 observations. Also involved
are observations to the ETALON and ETALON-2 satellites,
however their amount is so small that they hardly play any
role. Therefore, the GGOS-SIM SLR base is composed of
LAGEOS mission data only. Currently, the Analysis Stand-
ing Committee (ASC) of the ILRS has pilot projects on the
way to also include LARES observations for the contribution
to the next generation ITRF.

In the following, the GGOS-SIM base of LAGEOS and
LAGEOS-2 SLR simulated observations is augmented
by simulated observations to the satellites LARES and
LARES-2. With the augmented data base we evaluate their
impact on the resulting TRF with a particular view on origin
and scale.

2 The Satellite Missions and Data Used

The characteristics of the satellite missions involved here are
listed in Table 1. Where the LAGEOS satellites have been
designed for geophysical applications, the LARES satellites
serve the measurement of frame-dragging, a phenomenon
predicted by General Relativity (GR) (Ciufolini et al. 2017a).

Table 1 Characteristics of the SLR missions

Launch Altitude
Satellite (year) (km)
LAGEOS 1976 5,900
LAGEOS-2 1992 5,800
LARES 2012 1,440
LARES-2 2019-2020 5,900
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However, both objectives can be assigned to each mission
due to the cannon ball shape of the satellites and their favor-
able area-to-mass ratio minimizing nuisance forces, e.g.,
solar radiation pressure. Indeed LARES obeys the lowest
value of area-to-mass ratio, making it the densest object ever
sent into orbit and therefore makes it together with the large
eccentricity of the orbit a nearly ideal particle for testing
effects of GR (Paolozzi et al. 2015).

For GGOS-SIM the LAGEOS and LAGEOS-2 SLR
observations are simulated close to reality in terms of time of
operation of a station, and in terms of number and accuracy.
For this the real SLR observations of 51 ground stations
were analyzed first. The simulations followed then assuming
no systematic errors, just white noise, with no leaps in
the coordinate time series. Figure 1 shows the number of
observations for each station for each arc over the analysis
period for the real and the simulated data at the example of
LAGEOS-2. Slight differences can be found where stations
observing in reality with different eccentricities (and there-
fore with different occupation numbers) are simulated as one
site only. Also one station with very few passes was left out.

LARES has been tracked by SLR since its launch in 2012,
therefore the simulations are as in case of the LAGEOS satel-
lites simulated close to reality in terms of time of operations,
and number and accuracy of the observations. Figure 2 shows
the orbital fits for each station for each arc at the example
of LARES and LARES-2 in the simulation. It has to be
noted that the observation period of LARES starts due to
its launch in 2012 only which yields an overlap with the
LAGEQOS analysis period of three years only. In order to get
a longer analysis period to properly solve for the velocities
of new stations in the evolving network, the analysis for
LARES is prolonged to 2017 (inclusive). LARES-2 is not
yet in orbit, however already approved as mission by the
Italian Space Agency (Agenzia Spaziale Italiana — ASI) and
scheduled for a launch around 2019 to 2020. The simulation
of the LARES-2 observations follows the real world scenario
of LARES in the years 2012 to 2017 in terms of time of
operations, and number and accuracy of observed ranges.
Potentially the number of LARES-2 observations could be
higher than that of LARES due to its higher orbital altitude.
In fact, in spite of the expected much lower intensity of laser
returns from LARES-2 with respect to LARES, the coverage
for a higher altitude satellite is more favourable (see Fig. 3).

Inclination Area-to-mass
Eccentricity (deg) ratio (m2/kg)
0.004 109.8 0.000695
0.014 52.6 0.000697
0.001 69.5 0.000269
0.001 70.2 0.000269
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Fig. 3 Location and number of LAGEOS & LAGEOQS-2
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For the simulations however the geometry will not suffer as
the observations are distributed over the respective arcs.

The geometrical distribution of the observations can be
seen in Fig.3 where the footprints of all observations in
the analysis periods are sampled for number of occurrence
in 1 x 1 degree bins over the Earth’s surface. It becomes
clear that large parts of the orbit of LARES are not covered
with observations. But LARES-2 covers about the same
geographical area as LAGEOS due to its identical orbital
altitude and its inclination supplementary to that of LAGEOS
delimiting the geographical distribution towards Northern
and Southern latitudes the same way.

3 Precise Orbit Determination

Before starting the simulations, Precise Orbit Determination
(POD) of real LAGEOS, LAGEOS-2, and LARES obser-
vations was performed. For this we rely on our orbit and
Earth system parameter estimation software EPOS-OC (Zhu
et al. 2004). EPOS-OC uses the dynamic approach, based on
modelling the forces acting on the satellite. The highly non-
linear problem is solved by differential parameter improve-
ment minimizing the residuals of the observations in the least
squares sense. Most of the adopted dynamic and geometric
models, and the measurement systematic corrections follow
the IERS conventions 2010 (Petit and Luzum 2010), some
particular choices are given in Table 2.

Processing is conducted in seven day arcs. Modelling
and parametrization for the LAGEOS satellites is chosen
according to GFZ’s SLR contribution to the generation of the
ITRF2008. The modelling for LARES is identical, however
slight differences in parametrization are applied to account
for its different response to errors of the gravity field model.
The parametrizations are summarized in Table 3.

The results of POD of all satellites based on real and sim-
ulated data are compared in Table 4. The numbers confirm
the similarity of the simulations with reality.

Table 2 Models for POD

Type Model
Gravity model EIGEN-6C

ERPs IERS C04 08
Bizouard and Gambis (2011)

Ephemerides

Solar radiation
Albedo

Ocean tides

Ocean pole tides
Coordinates

Ocean loading
Atmospheric loading
Troposphere

JPLA421

Cannon ball

Heurtel

Not modelled

Desai (2002)

SLRF2008

Chalmers feat. FES2004
Not applied

Mendes and Pavlis (2004)
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Table 3 Parametrization

Type LAGEOS LARES
Initial states 6/arc 6/arc
Albedo global scaling 1/arc 1/arc
factor

Atmosph. drag global - 1/arc

scaling factor

Empirical accelerations 1 const. acc./4dinT 1 const. acc./4din T

lepr/4d in T lepr/4d in T
ERPs xp, yp, LOD /d xp, yp, LOD /d
Coordinates X, Y, Z /station/arc X, Y, Z /station/arc
Velocities X Y, Z /station/arc X Y, Z /station/arc

Table 4 Orbital fits

Real data Simulated data

RMS RMS
Satellite (cm) No. (cm) No.
LAGEOS 0.88 528,742 0.86 529,600
LAGEOS-2 0.91 468,869 0.89 469,994
LARES 1.23 476,270 1.20 477,505
LARES-2 - - 1.20 474,453
4 Terrestrial Reference Frame

After verifying the simulated observations in POD, the simu-
lated observations are further processed to yield weekly nor-
mal equations containing position and velocity parameters of
the ground network and ERPs. The weekly normal equations
are then accumulated to yield one normal equation for
LARES and one for LARES-2. From these normal equations,
TRFs are generated for LARES and LARES-2 separately
and for the combination of both. Eventually the LARES
and LARES-2 normal equations are added to the LAGEOS-
combined solution either one by one or in combination.
Table 5 compiles the mean percentages of improvement
of the formal errors for positions and velocities of the
stations, and of the ERPs, i.e. the two polar motions and
the Length-of-Day (LOD) parameter, w.r.t. the LAGEOS-
combined solution. The improvement expected from error
propagation due to the increased number of observations are
also given in the last column denoted by “Exp.”.

The LARES-only and the LARES-2-only TRFs do not
meet the expected precision of the station position and ERP
parameters, so does not the LARES-combined TRF featuring
anumber of observations comparable to that of the LAGEOS
combination due to a less favourable geometry. On the
other hand the station velocities from the LARES solutions
exhibit the expected precision meaning that geometry does
not play that role here. At a profit the improvement of the
LAGEOS-combined TRF by adding LARES and LARES-2
can be seen in pronounced smaller formal errors of the
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Table 5 Improvement of formal errors w.r.t. LAGEOS-combined (LC)

Pos. Vel. ERPs Exp.
Satellite (%) (%) (%) (%)
LARES —95 —38 —143 —45
LARES-2 —103 —43 —149 —46
LARES+LARES-2 —37 3 —64 -2
LC+LARES 38 53 10 18
LC+LARES-2 36 51 9 18
LC+LARES+LARES-2 43 57 16 28

Table 6 Improvement in origin and scale w.r.t. LAGEOS-combined

(80

Tx Ty Tz Scale
Satellite (%) (%) (%) (%)
LARES =79 =73 —46 —157
LARES-2 —=79 —71 -72 —140
LARES+LARES-2 —19 —15 =5 —68
LC+LARES 12 13 21 4
LC+LARES-2 12 14 14 5
LC+LARES+LARES-2 23 24 29 10

estimated positions and velocities of the ground stations.
This improvement goes beyond the expectation due to the
increased number of observations and can be attributed to
a better observation geometry in case of the positions, the
station velocities benefit from the longer analysis period. The
increase in precision of the estimated ERPs however stays
behind expectation and is owned to the small overlap of three
years only between the analysis periods of the LAGEOS and
LARES satellites.

The improvement of the TRF in its defining parameters
origin and scale is computed according to the approach by
Sillard and Boucher (2001) where the variance-covariance
matrix of the solution is divided into a datum dependent
part and an independent one. The dependent part shows the
reference system effect in the standard deviations of the
Helmert parameters. As SLR provides origin and scale in
international TRF solutions where the space-geodetic tech-
niques are combined, we compile in Table 6 the improvement
of origin and scale w.r.t. the LAGEOS-combined solution
of the LARES-only, the LARES-2-only, and of the LARES-
combined TRF and the impact of the addition of LARES or
LARES-2 or of both to the LAGEOS-combined solution.

The LARES-only and the LARES-2-only TRFs can not
compete with the LAGEOS-combined TRF in terms of origin
and scale definition. The LARES-combined TRF shows just
a slight degradation in origin but a large deficiency in scale.
The latter one might come from the relatively low altitude
of LARES coming along with smaller ranges between the
ground stations and the satellite and therefore resulting in
less favorable ratios between the observed ranges and their

errors. However once the LARES and LARES-2 observa-
tions are combined with the LAGEOS-combined solution,
indeed considerable improvements of up to 29% can be
expected for the core contribution of SLR to the TREF, i.e.
origin and scale.

Apart from the improvements in the stochastic character-
istics of the estimated station positions and velocities, the
question arises whether adding of LARES and LARES-2 to
the TRF solution leads to any systematic changes of the TRF.
Therefore 14-parameter Helmert transformations are carried
out where the LAGEOS+LARES, LAGEOS+LARES-2, and
LAGEOS+LARES+LARES-2 TRFs are transformed w.r.t.
the LAGEOS-combined TRF. All Helmert parameters are in
the sub-millimeter range and are statistically not significant.
This means that the addition of the new missions to the
LAGEOS-combined TRF does not lead to a systematic
change in the definition of the TRF.

5 On the Estimation of Range Biases

Appleby et al. (2016) advertised to estimate weekly average
range biases for all SLR stations in the network in order to
reduce the scale difference between SLR and very long base-
line interferometry (VLBI) in the recent ITRFs. In prepa-
ration of the next generation ITRF the ILRS is running a
pilot project where the estimation of range biases is analyzed.
Here we follow these recommendations and estimate range
biases besides station positions and velocities and ERPs for
all solution types. The range biases are set up per station per
satellite per arc (week) and endowed with an a priori sigma
of 1 m. From all solutions with range biases being estimated
adjacent TRFs are generated that can be compared to their
counterparts with no range biases estimated. The comparison
is done via 14-parameter Helmert transformations, the results
are compiled in Table 7.

In all cases, ie. LAGEOS-combined, LARES-only,
LARES-2-only, and LAGEOS-combined plus LARES plus
LARES-2, all Helmert parameters turn out with values for
translations, rotations and scale and their derivatives below
statistical significance. This means that estimation of range
biases from simulated observations (with known a priori
values) as described does not lead to a significant change
of the TRF-defining parameters. In particular one should
take note that the scale is not destroyed by estimating range
biases in this simulation scenario where no systematic errors
have been introduced a priori. In the real world, where
systematic errors can not be ruled out, the conclusion might
be different. To find out if systematic errors would change
the above findings, extensive analyzes will be needed that
are beyond the scope of this paper and are left therefore for
future studies.
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Table 7 14-Parameter Helmert transformations between solutions
with range biases being estimated yes and no

Value St.Dev. Deriv. St.Dev.
Parameter (mm) (mm) (mm/a) (mm/a)
LAGEOS-comb
Tx —0.09 0.48 —0.30 0.30
Ty —0.12 0.49 0.08 0.30
Tz —0.29 0.47 —0.10 0.29
Rx —0.09 0.59 —0.09 0.36
Ry —0.16 0.58 —0.19 0.36
Rz 0.05 0.56 —0.02 0.35
Sc —0.35 0.46 —0.21 0.29
LARES
Tx —0.46 0.80 0.03 0.17
Ty 1.11 0.81 —0.25 0.17
Tz —0.58 0.77 0.04 0.17
Rx —0.20 0.97 0.02 0.21
Ry 0.00 0.95 0.02 0.20
Rz 0.59 0.93 —0.10 0.20
Sc —0.58 0.77 0.19 0.17
LARES-2
Tx —0.99 1.77 0.20 0.30
Ty 0.37 1.79 —0.20 0.30
Tz 0.11 1.71 —0.14 0.29
Rx 0.38 2.16 0.00 0.36
Ry —1.04 2.10 0.15 0.35
Rz 0.15 2.05 —0.06 0.35
Sc —1.78 1.70 0.29 0.29
LAGEOS-comb+LARES+LARES-2
Tx 0.12 0.19 —0.02 0.04
Ty —0.08 0.19 0.04 0.04
Tz —0.01 0.18 —0.01 0.04
Rx 0.26 0.23 —0.02 0.05
Ry 0.04 0.22 0.00 0.05
Rz 0.09 0.21 —0.03 0.05
Sc —0.17 0.18 0.07 0.04
6 Summary and Conclusions

The project GGOS-SIM has provided a tool to simulate the
space-geodetic techniques for the generation of global TRFs.
Available are realistic, representative solutions for the years
2008 to 2014 where the SLR solutions are based on the
LAGEOS and LAGEOS-2 missions. Here we simulated SLR
observations to the LARES satellite over the years 2012 to
2017 following closely the analysis of the real world data.
In addition we simulated SLR observations to the planned
LARES-2 satellite relying on the LARES scenario in terms
of accuracy and number of observations. It turns out that
both LARES missions, either alone or in combination, can
hardly compete with the LAGEOS combined TRF. However
in combination with the LAGEOS they considerably improve
the resulting coordinates and velocities of the SLR stations
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in terms of lower formal errors. The improvement is beyond
what is expected from error propagation by the increased
number of observations. The ERPs are also improved in
the formal errors however at a lesser amount as in case
of the coordinates because of the shorter overlap in the
parameter space. Also origin and scale of the resulting
TRFs are improved by about 25% when the LAGEOS and
LARES missions are combined. Systematic changes of the
TRF defining parameters identified by 14-parameter Helmert
transformations were not found when adding the LARES
missions. An attempt was made to assess the effect of
estimating weekly average range biases for all stations for all
satellites besides station positions and velocities and EOPs.
The resulting TRFs are statistically not different from their
counterparts where the said range biases are not estimated.
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Abstract

The contribution discusses the optimal design of a Global Navigation Satellite System
(GNSS) network compromising between the estimation of the tectonic motion with other
geodetic criteria. It considers the case of a pre-existing network to be densified by the
addition of new stations. An optimization principle that minimizes the error of the estimated
background motion and maximizes the spatial uniformity of the stations is formulated.
A means to solve approximately the proposed target function is presented. The proposed
procedure is preliminary tested for the case of the densification of the Agenzia Spaziale
Italiana (ASI) GNSS network in Italy.

Keywords

Background motion - GNSS -

1 Introduction

The densification of a GNSS permanent network is a com-
mon problem for both national and international permanent
networks. The paper considers the problem of the design
of a permanent Global Navigation Satellite System (GNSS)
network that best allows to estimate the velocities of its
stations. The optimization principle will account for the
presence of already installed Ny stations, and will seek an
optimum for the position for the remaining N — N, stations.
This has been designed to solve a practical problem for
the Italian context. Two different criteria are going to be
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considered for the creation of a target function. The first
one aims to best estimate the tectonic background motion,
the second one is the spatial uniformity of the stations. As
we will see in order to define the best placement of the
new stations we need a prior knowledge of what we will
call the background (or smooth) motion/pattern. Since this
can be generally achieved by monitoring a dense network
of already existing GNSS stations, it might seem that the
purpose of the paper is in contradiction with the existing prior
information. However this is not the case, because we are
talking of two different types of networks; one is a reference
network that must satisfy all the criteria of uniform high-
level accuracy, continuity, archiving and availability of the
data, robustness of the station monumentation, etc., as stated
by International agreements on standards (Bruyninx 2013);
among other things this reference network is generally ana-
lyzed in a consistent and continuous way by some authority
that can also guarantee the correctness of the results. This is
the net for which the problem of an optimal increase from
Np to N stations is studied. The second type of network
is not in reality a unique net, but rather a congeries of
GNSS networks implemented by different public or private
entities for completely different purposes, sometimes giving
data over different periods of time and certainly with a non
uniform accuracy. This is at least the situation in Italy and
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it is thanks to the work of INGV researchers (Devoti et al.
2014) that a large amount of such in-homogeneous data has
been analyzed and reduced to a unique picture, as we will
better describe in Sect.3. The resulting velocity field has
been further analyzed and split into regions of homogeneous
background motion (Biagi and Pertusini 2018). So in the end
we have the following frame for the problem we want to treat:
we have an area where points are moving along a certain
velocity field, of which we have prior knowledge as for its
functional (or correlation) characteristics. In this area there
is an already existing net of Ny stations and we would like to
increase it to N stations, trying to compromise between two
targets: one is to make the new net as uniform as possible
because we want to use it as reference network for position-
ing and the other is that the new network could be used at best
to improve (and monitor) our knowledge of the velocity field,
for the sake of geophysical studies. Both purposes leads to
its own optimal criterion. The two criteria are discussed and
derived in Sects. 2.1 and 2.2 and then combined as customary
in multitarget problems. Due to the high non-linearity of the
resulting compound principle, practical means to compute an
approximate solution are discussed in Sect.2.3. Finally, the
case study of the Agenzia Spaziale Italiana (ASI) permanent
GNSS network is presented in Sect. 3.

2 Optimal Placement of the Stations

In this section a target function implementing the optimiza-
tion principle for the placement of N — N, stations is
formulated. The analytical formulation of the two criteria
mentioned in the introduction is presented. Then an approxi-
mate way to find the minimum is discussed.

2.1 Optimal Estimation of Background

Motion

Let’s assume that the velocity field is generally smooth apart
from outliers and localized geophysical phenomena (e.g.
volcanic activity) that would prevent the background motion
from being described using a smooth function. The problem
to identify such outlier points has been addressed and studied
in depth for the Italian case in Biagi and Pertusini (2018). The
background motion (1 East and vy North components) has to
be optimally estimated by interpolation using the empirical
velocity field that can be estimated from the finally placed N
permanent stations. The need of predicting the background
motion at points other than the reference stations is urged
when monitoring the position of a new point: one would
like to distinguish its variations when due to either tectonic
motion or local phenomena. Notice that here interpolation
does not mean “exact” interpolation, but rather it refers to
the fact that we are estimating the velocity field only inside

L. Pertusini et al.

the area where we have observations too. Someone would
just call it approximation. A first choice has to be made with
respect to the representation of the background field. We
assume that (1o, Vo) can be represented separately by a spline
model, namely:

up(P) =Y ¢ (P)px (1)
k=1
vo(P) =) (P )

k=1

where n < N and ¢ is the spline base function and P is a
generic point in the area. In principle the number of splines
could be different between the two components. However,
since this does not affect the approach we are going to present
we will assume them to be equal. This is the case because
we are estimating the two velocity component separately.
The suitability of this choice will be discussed later in the
present section. We start by writing the velocities at the N
station points using the spline model described in (1) and (2)
and assuming a white noise error, i.e. a diagonal covariance
proportional to identity:

uo(ri) = ) du(ri)pr + vi

k=1

3)

vo(ri) = Y ¢k (rigr + i “)

k=1

where r;,i =1,---,N.

Let us notice that in general v and n might also be
correlated one another. Yet such a correlation can be often
decreased, if not cancelled, by suitably choosing two axes
rotated with respect to the North, East directions (Biagi and
Pertusini 2018). Indeed a more general stochastic model
should be used without too many changes of the approach.

For the component uy, (3) can be written in vector form:

up=>p +v 5)

and we assume that
C, = 051 ;
yet the formulation can be easily adapted to the case that v
has a known covariance matrix.
We go to the least squares estimates of p denoted as p:

p=w'oTuy W=0"0. (6)
This implies that at any point P the interpolated uy(P) is
given by:

W(P)=¢"(P)p =) ¢c(P)px

k=1

)
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and its propagated error §i is:

$i=¢"(P)(p—p) ®)

with variance:

o’(a(P)) = ol (PYW™'$(P). ©9)

To avoid confusion it might be worth to mention that ® refers
the base functions evaluated at the station points while ¢
refers to the base functions evaluated at a generic point P.
So a first term we want to include into our target function
is the mean quadratic residual of the error over the area of
interest (A), namely

g2 :/az(aa)dSP 203/¢T(P)W—1¢(P)dsp
A A
= U&T}‘{W_IK} (10)

where:

Ki = /A b (P)b,(P)dSy (11)

being £, k the indexes of our base functions. Similarly we
can construct a similar target function for the v component:

g, =0, Tr{W 'K} (12)
The total quadratic interpolation error will then be:
B0 = (0 +o)Tr{W 'K}, (13)

One might object that the chosen model is too simple, to
the extent that no attempt of including a model error in (1)
and (2) has been done. This is because the optimization in
the end has to be done with respect to positions r; and
the dependency of the total error 2, on such variables is
generally quite complicated as one can already see from (13),
where by the way the points r; enter only in W™!. Nev-
ertheless we can shortly outline how our target function
modifies when for instance we assume that each component
u,v of the velocity vector can be split into a signal, with
known covariance structure and a noise. Referring to u for
instance, and assuming that C (P, Q) is its covariance, the
interpolator (7) would become in this case (Moritz 1980):

iW(P) =" C(P, P){C(P. Po)+028:,3  Vug(Pr) (14)
ik
and the corresponding prediction error would be

E{e’(P)} = C(P,P) =) C(P,P){C(P;, Py)
ik

+0628; k }7VC (Pr, P). (15)
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Therefore the total error in this case has the form

=2
ot

= / C(P,P)dSp —Tr{(¢ +0o.)7'K}  (16)
A

where 6;x = C(P;, Pr) and K;x = [, C(P, P;)C(Py, P)

dSp.

We can notice that in (16) the first term to the right is
constant, while the second depends on the position {P;}
through both (¢ + 621)~! and K. So the dependence of this
function on the configuration of the network is indeed more
complicated than that of (13), where positions enter only in
w.

It is maybe worth mentioning that a similar analytical
problem is met if instead of considering the background
motion as a stochastic signal in general, we would rather
require that the unknown parameters would agree with the
prior values that one could derive from the prior knowledge
of the velocity field. In any event we shall restrict our
attention to the total error function (13).

Remark 1 There are two objections of general character that
a careful reader might raise; they are both somehow related
to the choice of the reference system. The first point is
that it is known that velocities are generally not estimable
unless we fix the reference system e.g. by a suitable minimal
constraint (Dermanis 2019). This however is a problem that
has been solved by the authors of Devoti et al. (2014) for
the estimation of the prior velocity field. A second point
is that indeed in this case the covariance matrix of ug, vg
will depend on such a choice. So in our simplified solution
we have avoided the problem by assigning to v and 7 a
white noise covariance. As we have already claimed it would
not be difficult though to include a given covariance ¥ or
its pseudoinverse 1 for ug or v into the target function,
where the W = ®7 ® matrix should be substituted rather by
W=2aoTsto.

2.2 Uniformity of the Network

As previously mentioned, the idea of minimizing E? , could
be balanced by the concept that we should not move the
position of the station too much from the one that we would
derive from a simple geodetic setting. This criterion is to
have network stations as uniformly distributed as possible
in space. This is important for instance in case the network
has to be used for a geodetic service for positioning. Since
we have already Ny stations in the area we would like to
place the remaining N — N; stations in a way that the
overall distribution of N station be as uniform as possible.
This could be done simply identifying N — Ny optimal
positions e.g. by visual inspection; ¥, i = No+1,---, N
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selected optimal positions. Therefore to balance Efot we
would add a term into the optimization criterion, assuming
that also

N

Y. Iri =l = G(r)

i=Nyp+1

A7)

should be small. It is important to underline that the
difference r; — ro; should be taken using the closest ry;
to r;. The selected criterion is not an uniformity criterion
itself but rather a proximity to the uniform solution. Indeed
more rigorous criteria could be applied for the two choice
of ro; in (17); for instance it would be possible to choose
the point than minimize the variance of areas of the Voronoi
polygons (Okabe et al. 2009) constructed using the location
of the stations. This is the choice made for the case study
described in Sect. 3.

23 The Target Function

and Its Minimization

In order to combine the two criteria we can simply take
a weighted sum (lambda being the weight) of the target
functions, so arriving at the principle

{rii=Noy+1,--- , N} =argMin F(r),

N
F(r)=8,, +AG’(r) = TriWw 'K} +1 > [&
i=Np+1
(18)
where:
Ei=ri—ry (19)
oy =0, +o0; (20)

The minimization problem (18) can be discussed from
different points of view. Here we write standard minimum
conditions. As we can observe by inspecting (18) where
the unknowns r; enter in both terms and in particular in a
complicated way into the matrix W (see (6)), the present
optimization problem differs significantly from traditional
network optimization problems studied long ago in geodetic
literature (Grafarend and Sanso 1985). Formally the min-
imizing principle has the normal equation described from
differencing F with respect to §&:

SF =2)88 &, —oTriw™'sWW™'K}  (21)

where, taking into account that §r; = §&;, we have:

SWiy = 88T Vu(ri)gu(ri) + ¢n(ri)S&] Vou(ri). (22)
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Coming back to (21), we can put:
H=W'Kw™, (23)
to find:

TrWw ' SWW 'K} =2 8&TVn(ri) Henge(ri).

ki
(24)
Therefore the equation for the minimum is:
o2
g= 0 2 V() Hinge(ry). (25)

k.h,i

As we see in (25) the minimum principle is translated into
a highly non linear normal equation that we might solve only
iteratively.

Remark 2 Apart from convergence considerations, the solu-
tion (25) depends heavily on the choice of the weight A.
In fact, we can see from (18) that if A — O the solution
r; will tend to minimize E2, only, while if we let A —
oo the solution will tend to minimize G*(r;) only, namely
&, = 0. This last consideration is well known in Tikhonov
regularization theory (Tikhonov and Arsenin 1977). Since
the criterion for the choice of A is in this case quite vague,
we could conceive instead of finding one specific solution
(one for every A) to give the two positions Fo; and r/ that
minimize respectively G> and E2,,, and then look for a
feasible implementation of the station at a point along the
straight line connecting the two points. This is certainly
not rigorous, however it is sufficient for a practical solution
where many other factors have to be taken into account, for
instance the availability at the stations of electricity or of an
internet connection etc.

3 Case Study

The Italian Space Agency (ASI) intends to densify the
current Italian GNSS reference frame network. At present
it consists of 15 permanent stations throughout the country,
3 of them being co-located at the Space Geodesy Center
in Matera (Fig. 1). Thirty-one new permanent stations have
to be installed, that will contribute to the EPN — EUREF
European GNSS permanent station network densification
over the Italian area (Fig. 1).

As previously discussed, the new GNSS network has to
be as homogeneously distributed as possible (static crite-
rion) and best identify the background motion (kinematic
criterion) insisting over the Italian peninsula. In fact it is
well known that Italy is continuously and strongly moving
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Fig. 1 GNSS Reference frame
network currently powered by
ASI (in red) and Italian EPN —
EUREF network (in black)

Fig. 2 Velocity vectors of the
GNSS permanent stations
estimated by the INGV. Plot
based on velocity estimated from
Devoti et al. (2014) and taken
from Biagi and Pertusini (2018).
Blue and green clusters. In red:
outliers
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within the European Plate (Devoti et al. 2011). Actually, Italy
seems clearly divided into different sub-regions that move
in different mean directions but have quite smooth internal

behaviors, except for a few discussed outliers (plotted in red)
(Fig.2). For several years, the Istituto Nazionale di Geofisica
e Vulcanologia (INGV) has been continuously monitoring a



72

Fig. 3 Five areas with
homogeneous background
motion derived in Italy: blue
cluster, light blue cluster, green
cluster, Sicily, Sardinia (image
taken from Biagi and Pertusini
(2018))

40°
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—f 40

5 mm/year velocities

network of permanent GNSS stations. Based on a specific
solution that was estimated in 2013 (Devoti et al. 2014) a
method to predict at any point the “background motion”
was developed. The Italian territory has been divided into
five sub-regions with an internal homogeneous velocity field
(Fig. 3) (Biagi and Pertusini 2018).

Remark 3 Let us observe that in reality according to some
geological analysis (Serpelloni et al. 2016; Livani et al.
2018), the behavior of the Italian region is more complicated
than the one here described. Nevertheless the practical solu-
tion of using smaller patches described below alleviates this
inconvenient.

Beyond the representation given by (1) and (2), the back-
ground motion could be described for instance by the sum of
a deterministic part and a stochastic part; the latter has been
found to be much smaller than the first one, with a correlation
length of the signal shorter than 20 km (Biagi and Pertusini
2018). This is in fact the critical datum we wanted to get

20°

from this stochastic analysis. Even more, since we wanted
to have control on the behaviour of E2, , which is difficult
if we want to move together the positions of 31 stations,
we decided to implement the optimization by dividing the
whole area analyzed into smaller patches where only one
new station was to be placed and the background motion
could be represented just by a linear function. Indeed we have
also tried higher order interpolations which gave insignificant
changes in the solution, so we preferred to stay with the linear
interpolation, more stable in terms of the spline parameters.
Considering the vector of known horizontal velocities at
points r; in the small area of interest, an a priori model can
be set up, which describes a regular motion, see (7), that in
East direction reads
uo(r) =) prgi(r) = @7 (r)p. (26)
With ¢y (r) spanning the space of first degree polyno-
mials, and where p; have been least squares estimated.
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Using (10) and (11) we can write, identifying r with the
corresponding point P:

/ o*leor(P))dS = o2 ;Tr{(®T®)"'K} = 02 ,E*(r))
A
27

where K = [, ¢(P)$p(P) " d>S.

The integral formula for K (11) has been computed
numerically discretizing the area using a regular grid. Fol-
lowing the simplified procedure previously presented, the
target function becomes:

H(ri) =AY |ri—iol> + 05 F(ri).  (28)

As previously observed changing A, the optimized solu-
tion F; runs between the point following the uniformity
criterion and the point which minimizes F (r; ). Since finding
the final place of the stations is also a practical problem

Fig. 4 Proposed new station
position in the Italian NorthWest
region. Red dot represents the
already existing ASI station in
Genoa, black dots are the already
existing EPN — EUREF network
stations, blue dots are the already
fixed new stations by convenience
criteria of co-location with other
instruments networks, such as
tide gauges or automated weather
stations. In pink star with black
borderline the maximal
uniformity position and in white
star with pink borderline the
optimal trend estimation solution.
Contour lines represent

function (27) normalized by the
area, unit in m*/1e18
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where considerations of access to electricity, internet and
of security also enter, we decided to adopt the already
discussed approach, consisting in providing the two positions
and searching for a station that could be operationally mon-
umented along the line connecting them, with a tolerance
buffer of 20 km, suggested by the above discussed covariance
analysis. In Fig. 4 an example of this solution for the Italian
North-West area is shown. The point that minimizes the
variance on the areas of the Voronoi polygons over the area
of interest was chosen as point that maximizes the uniformity
of the network (see Fig. 5).

Remark 4 One remark on Fig. 4 is in order at this point. The
fact that the minimization of E2 falls at the boundary of the
area is by no means accidental: in fact this depends from
the choice of a linear local interpolator. Nevertheless this
means also that, considering Fig. 4, the direction between the
point of maximal uniformity 7o and the “pink star” r’ point
so placing a station

=2

=

is that of maximum inclination for
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Fig. 5 Contour lines
representing the variance of the
areas of the Voronoi polygon over
the area of interest, unit in
m*/1el8

along the segment between the two is really in some sense
minimizing the total signal estimation error. The mentioned
discretization computation of the E2 function has as matter
of fact allowed us to evaluate its shape that resulted in a
convex cup in all cases, confirming the above interpretation
of its minimum point.

4 Conclusion

An optimization criterion for the design of an improved
permanent network, augmenting an already existing network,
has been derived balancing the geodetic criterion of uniform
density of the overall network with a kinematic criterion of a
design that allows an optimally estimation of the background
motion. The minimization principle has been expressed in
terms of a normal equation highly non linear. A simplified
procedure to perform the minimization has been presented.
The procedure is then tested preliminarily for the case of the

L. Pertusini et al.

densification of the ASI permanent GNSS station. Additional
work is needed to refine the proposed procedure and to
evaluate the impact of the arbitrary choices still present by
the procedure. In particular the sensitivity of the solution to
the partitioning of the network is of main concern.
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Abstract

In this contribution, we extend the Gauss-Helmert model (GHM) with t-distributed errors
(previously established by K.R. Koch) by including autoregressive (AR) random deviations.
This model allows us to take into account unknown forms of colored noise as well as heavy-
tailed white noise components within observed time series. We show that this GHM can
be adjusted in principle through constrained maximum likelihood (ML) estimation, and
also conveniently via an expectation maximization (EM) algorithm. The resulting estimator
is self-tuning in the sense that the tuning constant, which occurs here as the degree of
freedom of the underlying scaled t-distribution and which controls the thickness of the tails
of that distribution’s probability distribution function, is adapted optimally to the actual
data characteristics. We use this model and algorithm to adjust 2D measurements of a
circle within a closed-loop Monte Carlo simulation and subsequently within an application

involving GNSS measurements.

Keywords
Autoregressive process -

Circle fitting - Constrained maximum likelihood estimation -

Expectation maximization algorithm - Gauss-Helmert model - Scaled t-distribution - Self-

tuning robust estimator

1 Introduction

When a deterministic model used to approximate obser-
vations are characterized by condition equations in which
multiple observations and unknown parameters are linked
with each other, an adjustment by means of the Gauss-
Helmert model (GHM) is often the procedure of choice.
The classical formulation of that method, being based on the
method of least squares, does not require the specification of
a probability density function (pdf) for the random deviations
or the observables. When the observables are outlier-afflicted
or heavy-tailed, this least-squares approach can be expected
to break down. However, it can be turned into an outlier-
resistant (‘robust’) procedure by including a re-weighting

B. Kargoll (<) - M. Omidalizarandi - H. Alkhatib
Geodetic Institute, Leibniz University Hannover, Hannover, Germany
e-mail: kargoll @gih.uni-hannover.de

© Springer Nature Switzerland AG 2020

or variance-inflation scheme based on a heavy-tailed error
law such as Student’s t-distribution (Koch 2014a,b). This
procedure is implemented as an expectation maximization
(EM) algorithm, which allows for the estimation not only
of the parameters within the condition equations, but also of
the scale factor and degree of freedom of the underlying t-
distribution. The latter feature turns the method into a self-
tuning robust estimator in the sense of Parzen (1979).

An additional common characteristic of observables that
complicates their adjustment is given by autocorrelations
or colored noise, which phenomena frequently occur with
electronic instruments measuring at a high sampling rate
(cf. Kuhlmann 2003). When the data covariance matrix is
unknown or too large, autoregressive (AR) or AR moving
average (ARMA) processes enable a parsimonious modeling
of correlations in situations when the measurements can be
treated as a time series (e.g., Schuh 2003). Such processes
are also attractive as they may be easily transformed into the
easy-to-interpret autocovariance or spectral density function
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(cf. Krasbutter et al. 2015; Loth et al. 2019). The adjustment
of multiple (possibly nonlinear) regression time series with
AR and Student errors within the framework of the Gauss-
Markov model was investigated by Alkhatib et al. (2018).
A similar approach is undertaken in the current contribution
now in the framework of the Gauss-Helmert model, thereby
extending K.R. Koch’s aforementioned model by the inclu-
sion of estimable AR processes.

In Sect. 2, we specify the observation model, the correla-
tion model, and the stochastic model, which jointly define
the GHM with AR and t-distributed errors. In this model
we allow for different groups of observations characterized
by individual correlation and stochastic models. In doing so,
time series that stem from different sensors or that form a
multivariate measurement process, such as measured three-
dimensional coordinate time series, can be modeled flexibly
to take the heterogeneous data characteristics usually present
in such time series into account. In Sect. 3, we formulate
the optimization principle employed to adjust this model,
and we derive for the purpose of convenient computation an
EM algorithm, deriving in detail the normal equations to be
solved. The Monte Carlo simulation results in Sect. 4 demon-
strate the biases to be expected in the practical situation of
data approximation by a circle. Section 5 contains results
stemming from the adjustment of a real data set.

2 A Gauss-Helmert Model with
Autoregressive and t-Distributed
Errors

We intend to adjust N groups of observables £, = [L.1,
eoos Ly, )T fork = 1,..., N, with the kth group consisting
of nj observables. Each random variable L ; is modeled by
an individual location parameter (i, and an additive random
deviation &, that is,

Lig = e +E @ =1,...,np). (D
In this and the following equations the unknown parameters
are generally denoted by Greek letters, random variables
by calligraphic letters, and real-valued constants by Roman
letters. Thus, a random variable (e.g., &) and its real-
ization (ex,) can be distinguished. Moreover, matrices and
vectors are symbolized by bold letters. The index values of
t represent equidistant time instances, so that the sequence
L and correspondingly & constitute time series. Defining
the vector p;, = [Mk,l,...,uk,nk]T fork = 1,...,N,
we mean by I, the tth row of the (ny x ny)-identity
matrix. Consequently, the observation model (1) can also be
written as

Lk,t = Ik,tﬂk + 5k,t- 2)
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Whereas each location parameter pj, is treated as an
unknown fixed parameter (to be estimated), each random
deviation &, is a random variable that follows a group-
specific AR(py) process

ey = o1& i1+ A ok p Eki—py + Uns 3)
To fix the initial values of this recursive model for all of
the time instances ¢ — 1, ..., f — px with values less than
1, the associated random variables are assumed to take the
constant value 0. The AR coefficients ¢ = [oclT, o ,ocf,]T
with ot = [tk 1, .. ,ak,pk]T fork = 1,..., N are taken to
be unknown parameters (also to be estimated). Depending on
their values, the time series £, . . ., £y exhibit group-specific
auto-correlation patterns or colored noise characteristics.
Using the notation L/Zy, 1= Zj,—; with ax (L) := 1 —
apiL—...—ag p L? and Zy; = oy ;(L)Zy , for an arbitrary
family of matrices (Zy, |t € {1,...,nx}), we also have

upy = ep; = o (L)ex, = oex (LYl — L fiy)

=i (L) —ax(D)ipy =Ly —Leopy. (4)

This enables an interpretation of the quantities ey, £k,
and Iy, as the outputs of the digital filter o (L), applied
respectively to the kthe group of random deviations e; as
well as observations £, and to the identity matrix I. Thus,
o (L) may be viewed as turning the colored noise sequence
e, into white noise uy, in the sense of a decorrelation filter.

In each time series Uy = [Us.i, . .. ,L{k,nk]T, we assume
the individual components Uy 1, ..., Uk », to independently
follow a scaled t-distribution (cf. Lange et al. 1989) with
expectation 0 and group-specific degree of freedom vy as
well as scale factor oy, that is,

Ues ™ 1,,(0.07). (5)

Due to the previous independence assumption the joint pdf
of each white noise series U can be factorized into

ni (vk+1) Ui 2 _vk2Jrl
Sy =]] g [1+( ’)/vk] ,
=1 \/vkno,ff‘("z") Ok
(6)
where I' is the gamma function and wy = [ug 1, ..., Uk ]

the vector of possible realizations of U. Assuming more-
over that there are no cross-correlations between the white
noise series, the joint pdf of U = [U],... . UL]" with
possible realizations u = [ulT, e ,u]T\,]T can be factorized
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into f'(u) = f(u)---
yields

f(uy). Taking the natural logarithm

N F(Vk+1)

= nlog 2
1; \/vkymkf‘(” )

et ilog 1+ (”"")Z/vk %)
2 P Ok ’

similar to the stochastic model considered in Alkhatib et
al. (2018). As this function includes also the observations,
the location parameters and the AR coefficients through (4),
it could be used to define a log-likelihood function for
the purpose of maximum likelihood (ML) estimation of all
model parameters. However, being based on the intricate
t-distribution model, this function cannot be maximized
conveniently, which problem is solved as follows. As shown
for instance in Koch and Kargoll (2013), the t-distribution
model (5) is equivalent to the conditional Gaussian variance-
inflation model

log f (w)

Ui | Pres B N(0, U/?/Pk,t) (8)

involving independently, rescaled chi-square-distributed
latent variables

Py 2 T ©

Vi

In practice, the values pi; (which will later take the role
of weights within an iteratively reweighted least squares
algorithm) of the random variables Py ; are unobservable,
so that the latter are considered as latent variables. The
distributions of the random variables (8)—(9) are defined by
the corresponding pdfs

S s prs) = vee L
2Uk/Pk,r

| {
exp q —
\/ 27 013 / Pk

and

véf l)k _
) : (pk,t) 2
0 if pr, <0

(%
f(Pk,t) = F(Vé‘

_ Yk, .
e~ 2Pkt if pr, > 0,

The previous independence assumptions allow then for the
formation of the joint, factorized pdf

[/ @y pvo

=1

fp) =[] f@pr)-

=1

=[] /o) f@alpra) -

t=1 =1

[17@wno f@nidpno.

.,py]" contains all of the
PL,....PI"

where the vector p = [p!,..
unknown “weights” as realizations of P =
with Py = [Pk,l» Ceey 'Pk,nk]T.

Viewing the observation equations (2) as a linear regres-
sion where the design matrix is given by an identity matrix,
we thus have that the entire model constitutes a special case
of the regression model adjusted in Alkhatib et al. (2018),
which is a multivariate extension of the model considered
in Kargoll et al. (2018). Now, in the general situation of a
Gauss-Helmert model (described in detail in Koch 2014a),
the location parameters p = [u!,....,u%]" alongside
additional parameters § = [£,...,&]” have to satisfy r
(possibly nonlinear) condition equations h(§, u) = Op-x1).

3 The Adjustment Procedure

[o1,...,0n8]7 as well as v =
[vi,...,vy]T. To estimate the unknown model parameters

€T, u”, &, a7, v7]", we apply the method of
constrained ML estimation. In analogy to the model in
Alkhatib et al. (2018), the model of Sect.2 gives rise to the
logarithmized pdf

Let us define ¢ =

N
log f (u,p) = const. — Z log(ak) + Z Vi log( )

k=1
(L) (s = Leame) |
_2_:1; |: (otk k‘;k ktuk):|Pk,z
N
—anlogr(‘;")+ZZ;(vk—1)1ogpkt (10)
k=1t=1

Note that (10) does not depend on all of the parameters in ¢,
but only on the parameters § = [u”,a”, 07, v7]7. Next, we
define that logarithmic pdf to be the log- hkehhood function
log L(0;4,p), to be maximized under the constraints. Here,
L=t lT, N ITV]T is the vector of given numerical observa-
tions for the observables £ = [LT,..., L]7. To deal with
the missing data p, we establish an (iterative) EM algorithm

in which the E-step determines the conditional expectation

Q(0160“) = Epjp.g0 {log L(6:£.P)}

of the log-likelihood function with respect to the given
stochastic model for the latent variables P, using the given
observations £ alongside initial parameter values 8 ) known
from the preceding iteration step s. As the likelihood func-
tion, being defined by (10), is actually a function of u rather
than £, we condition directly on u besides 6 © , which values
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fix the dependent observations £ through the Egs. (2) and (3).
Thus, the Q-function takes the form

N
0(010)) = const. — Z

k=1

SN [ o (L) (L s —
_ VH( ,
];;2 O

N N ng
—> mglogl ("2") +3 3 ;(vk — D) Ep g0 102 Pes},
k=1

k=1t=1

log(crk) + Z 'k Vi log( )

I 2
k,tuk) } Ep o0 {Phs}

where

E'p‘u;g(.\') {Pk,t} =E

E’P\u;o(“){log Priy = EPk.z lug 136 {og P

P luage 150 Pr.i}s

The Q-function can then be shown to be
| N
0(0]0“) = const. — ) kz_:l ng log((f,f)

Z Zp“) CTOAIWES e

kt 1
1 al al v
+ 2anvklogvk—2nklogl"<2k)
k=1 k=1
N (s)
1 1
+ zznkvk |:1lf (vk 2+ )—log( © 4 1)
(11)

where 1s the digamma function and where each imputed
weight pkt, as the conditional expectation of the latent
variable P, is determined by

v+ 1

.
) o« (L)t —Te 1))
v+ o

12)

(s) —
pkf - Epk.t|uk.r§0(s){Pk’t} -

The proof is the same as for the Q-function in Alkhatib
et al. (2018) if one replaces the parameters & there by u
and if one considers the specific linear functional model
hi(p) = I, p,. For shorter expressions, we define the
diagonal matrices

dlag(W(‘)) = [p(‘)/(fk, e p,i‘zlk/cf,f] . (13)

B. Kargoll et al.

The subsequent M-step maximizes this Q-function under
the constraints, which step we solve by maximizing the
Lagrangian

F($,216") = 0(0]6“) — A"h(¢, p),

where A is the (r x 1)-vector of unknown Lagrange multi-
pliers. If the function h is nonlinear, we linearize it as shown
generally in Koch (2014a, Sect. 2); as we adjust N groups
of observations, we may introduce summations over these
groups and write

(14)

N
h(é.p) ~ AAE + ) Bi(uy — L) +m, (19
k=1
with A§ = £ — £ and pseudo-misclosures
N
p=m+ > Bt — r). (16)

k=1

where we define m = h(¢§®,u®) to be the vector of
misclosures at the most recent estimates & ©) and 1. Here,
A = 0h(¢®, u®)/3k is the (r x u)-matrix of partial
derivatives of h(&, ) with respect to & evaluated at £
and £, and By = 0h(E®, u®)/du, is the (r x ny)-
matrix of partial derivatives of h(&, u) with respect to p,
(also evaluated at £ and u®). The first-order conditions for
the maximization of the Lagrangian (including linearization)
read

Opx1) = a%(f:;) —A"4, (17)
O x1) = aF;}":kl) LW (8 — Tepy) —BY A (18)
Oy 1) = aFa(i,;M = —E[ W, (e — Exaty), (19)

0= 3F5fél) = ‘z’;k,g - 2;4 20

x Z P ok (L) (s — i)

t=1

0= O 14 g (v ") —t0g (v + 1)

3l)k
( (s+1)/2) T ([v(‘+1) + 1]/2)

Nk

1 S S
+ [logp/ﬁf—p/ﬁ?] @1)
k t=1
OF ($.4) _ N
Op 1) = 94 (AA§ + E Bi(py — ek)"'mp)
k=1
(22)
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with ey = €4 — I p;, and
€k.0 © €k 1—pi
E; = (23)

Chong—1 " €k ng—py

Combining (18) with (22) yields

N -
Y By (I,fwﬁj’lk) "BTA 4+ AAE =
k=1

N N

—1
DBt —m, - Y B (LWUL) LWe
k=1 k=1

and thus, in conjunction with (17),
-1

N T s —1
Al B (W) B A o
Aé AT

k=1
0

N N ) -1 ;
Bt —m, — 3 Be (LWL) LWty
k=1 k=1
0

Note that the decorrelation filter ;. (L) transforms the diago-
nal matrix I into the matrix Iy having an additional diagonal
for each AR coefficient. Now, (18) gives us

-1

wo= (GWOL) - (BT + L W0e), @)

(19) can be written as the equation system

a = (ETWOE,) ETWY
= |\E; W, E; « W ek, (26)
and (20) yields with (4)
L5 o
0} = " Y P, (27)
=1

The solution of (21) is obtained by means of a zero search
algorithm, using for instance MATLAB’s fzero.m routine.
Since each of the five parameter groups (a) (4, A§), (b) u,
(c) e, (d) 02 and (e) v can evidently be solved for from (a)
to (e) after determining values for the preceding group, we
may employ conditional maximization within the M-step;
together with the E-step, we thus have a so-called expectation
conditional maximization (ECM) algorithm (cf. McLachlan
and Krishnan 2008). To make sure that the parameters &
and p satisfy the (linearized) constraints (15), we adapt the
constrained EM algorithm proposed by Takai (2012) and iter-
ate the solution of (24)—(25) within the current M-iteration

step s + 1 until the misclosures m become sufficiently
small. After achieving this, that M-step is completed by
computing the solutions (26) using s\ " to determine e+
and E¢*D | then the solutions (27) using a,iH'l) to determine
u®*D_ and finally the solutions (21). Having thus obtained
the solution ¢“*1| the next E-iteration step is executed by
computing new weights p,(::r Y As indicated in McLachlan
and Krishnan (2008), it is more efficient to solve for vy by
maximizing the log-likelihood function (7) with respect to
Vi, leading to the first-order condition

(s+1) (s+1)
v 1
0:10gv,§s+1)+1—w<vk2 )-i—!ﬁ(k 2+ )

1 &
—log (UliS-H) + 1) + - Z (log pl(fjl) - Pl((sjl))
=1
(28)
with
(s+1)
v +1
= @)
T+ (o)

With this modification, the previous ECM algorithm turns
into an expectation conditional maximization either (ECME)
algorithm, which is constrained in our case. The E- and
M-steps are iterated until a preset maximum number of
iterations is reached or the maximum difference between
subsequent solutions is sufficiently small, say &, = 107*
concerning vy,...,vy and ¢ = 1078 for the other param-
eters. In the sequel, the estimates of the final EM step are
denoted by &, fi k> @k, 67 and Dy Note that ft, may be viewed
as the adjusted observations iy

4 Monte Carlo Results

The purpose of the following Monte Carlo simulation is to
evaluate the estimation bias within a closed-loop simulation
based on a true model with fixed, known parameter values.

4.1 Simulation Setup

To generate n observations, we first determined n/2 true
observation points with coordinates x = [xq, ..., X, /Z]T and
Y = [V1,---,ya2)" on a 2D circle with center (x., y.) =
(1, 1) and radius r = 2 by means of the equations

(30)
€29

Xy = X + rcos(¢y),

Vi = Ye + rsin(¢y),
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with equidistant radians values

- ¢, =0.2,...,10 with step size 0.2 for n/2 = 50,
- ¢, =0.02,...,10 with step size 0.02 for n/2 = 500,
- ¢, =0.002,...,10 with step size 0.002 for n/2 = 5,000.

Regarding the noise, we generated 5n random numbers
(using MATLAB’s trnd.m routine) from the t-distribution
with scale factor 67 = 0.001? and degree of freedom vy =
2.5 for the x-coordinates, as well as from the t-distribution
with scale factor 07 = 0.001? and degree of freedom v, = 3
for the y-coordinates. The resulting white noise series u; and
u, were then correlated by means of an AR(1) process with
coefficient «; = —0.6 and an AR(1) process with coefficient
ay = 0.5, respectively, using (3). We extracted the last
n/2 values from each of the resulting colored noise series,
discarding the beginnings in order to minimize the warm-up
effect caused by the initial process values e; g = ezo = 0.
The resulting vectors e; and e, were then added to x and
y, giving the observation vectors £ and £,. This generation
procedure was repeated for 1,000 times, as part of a Monte
Carlo closed-loop simulation.

4.2 Estimation Results
Combining (30) and (31) results in the well-known circle
equation

(x; — xc)2 + (y — yc)2 = r2’ (32)

which, however, is generally not satisfied by the generated
or measured coordinates x;, and y, due to the noise that
they contain. Therefore, these coordinates are modeled as
realizations of random variables

X =Ly = ps + &1y,
Vi =Ly = oy + &y

(33)
(34)
according to (1), and the values x; and y; in (32) are

replaced by the unknown location parameters (), and py,,
respectively. These substitutions give us the constraints

D)
h(§. p) = :
_hn/Z(gs ”/)
i (ﬂl,l - xc)z + (MZ,] - yc)z —r? 0
_(/‘Ll,n/z - xc)z + (MZ,n/Z - J’e)z - r2 0

(35)

with & = [x., y.,7]". The model parameters &, u, o, oo,

07,03, v; and v, can be estimated by means of the algorithm

described in Sect. 3, using the initial values xéo) = yc(o) =
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07,70 =17, ,ug(,)t) = x;, and ;,Lg?t) =y @t=1,...,n/2).
Consequently, the linearization at the corresponding initial
Taylor point is based on the Jacobi matrices

20 —x) 201 —y) —2rO7
A= : : c [, 36)
—2(xns2 — xV) =2(yujp — y¥) =20 |
2(x; — x”) 0 T
B, = . 3D
L 0 2(Xns2 — x)
2031 — ") 0
B, = . (38)
L 0 2(ynj2 =y

The results of these adjustments, alongside the number of
EM iteration steps and the mean of the root mean square error

N T ,ra
e = (] Bl (R)-BD e
%) y %) y
are summarized in Table 1. The parameter values of the three
estimated circle parameters are correct up to three digits

already for 100 observations, and their biases are very small
for 1,000 or more observations. Figure 1 shows that the

Table 1 Results of the 1,000 adjustments of a 2D circle with center
x. = 1, y. = 1 and radius r = 2 with AR(1) errors in both dimensions
(7 = —0.6, o, = 0.5) as well as Student errors in both dimensions
(vi = 2.5, v, = 3,02 = 0 = 0.0012) for n = 100/1,000/10,000
observations

n 100 1,000 10,000
Mean(EM steps) 82 76 68
Mean(x,) 1.00000061 0.99999987 1.00000064
Mean(y,) 1.00001679 1.00000949 0.99999974
Mean(7) 1.99928616 2.00000233 1.99999850
Mean(a;) —0.5102 —0.5761 —0.5848
Mean(a,) 0.2196 0.3867 0.4175
Mean(d;) 0.00066 0.00068 0.00069
Mean(d,) 0.00052 0.00053 0.00053
Median(v,) 2.9804 2.0504 2.0309
Median(,) 2.3854 1.7531 1.7384
Mean(RMSE) 0.00114 0.00169 0.00173

The shown quantities are: (1) The number of EM steps carried out,
(2) Mean(x,), (3) Mean(y,) and (4) Mean(7) are, respectively, the
(arithmetic) means of the estimated coordinates of the circle center
and of the radius, (5) Mean(@;) and (6) Mean(&,) are the means of
the estimated AR coefficients, (7) Mean(d) and (8) Mean(o») are the
means of the square roots of estimated scale factors, (9) Median(V;) and
(10) Median(,) are the medians of the estimated degrees of freedom,
and (11) Mean(RMSE) is the mean of the root mean square error defined
by (39)
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Fig. 1 Comparison of the estimated AR parameters «; and o, for
different sample sizes: 100 (black), 1,000 (magenta) and 10,000 (blue)

variability of the two estimated AR parameters decreases
strongly with increasing sample size n, whereas their biases
decrease rather slowly and are still quite large for 10,000
observations (see Table 1). However, the two qualitatively
and quantitatively very different AR(1) processes are sep-
arated well by the algorithm. The biases of the estimated
scale factors and of the estimated degrees of freedom could
not be decreased by increasing the number of observations.
For about 5% of the Monte Carlo samples the estimated
degrees of freedom turned out to be rather large. As such
large values would greatly distort the mean value, the median
of the estimates throughout all Monte Carlo runs was taken
as a measure of location. Figure 2 shows for the Monte Carlo
simulation based on 10,000 observations that the medians of
the two estimated degrees of freedom indeed closely match
the peaks of the histogram plots, justifying this choice of
measure. The mean RMSE values indicate that an overall
good approximation of the data by the adjusted circle is
achieved already for n = 100 observations.

4.3  Outlier Identification

The weights imputed within the adjustment by the EM
algorithm can be used to identify outliers. In the following we
demonstrate a graphical procedure for a part of a simulated
time series. Figure 3 (top) shows the 500 x-coordinates gen-
erated within a single Monte Carlo run based precisely on the
parameter values of the previous simulation setup, with the
exception that the larger scale factors 07 = o5 = 0.1> were
used in order to visually bring out the outliers more clearly.

200 T —
.,
1
v,
150 s
100
50
0 —_ ’_J—\.H-l . —_

1 174 2.03 25 3

Fig. 2 Histogram plots of the estimated degrees of freedom for the
Monte Carlo simulation based on 10,000 observations. The vertical
lines indicate the location of the medians (see also Table 1), which are
near the peaks of the histograms

200 300 500

Fig. 3 Display of the generated x-coordinates within a single Monte
Carlo run and the corresponding weights after the adjustment; the red
crosses in the upper subplot indicate the observations associated with
the 20 least weights (red crosses in the lower subplot)

After adjusting the entire data set of x- and y-coordinates the
weights p;, corresponding to this first group of observations
were also plotted (see Fig. 3, bottom). All weights less than
0.1 were marked by red crosses, and the observations with
the same indexes ¢ were then also marked by red crosses. It
is seen that all of these small weights correspond to visibly
outlying x-coordinates. Since the transition from small to
large weights is rather smooth, the separation of inliers from
outliers could be achieved via the definition of a threshold,
(in analogy to the “30 rule”, cf. Lehmann 2013) or by means
of an additional classification procedure (such as the method
suggested by Koch 2012). As the algorithm works reasonably
well in a controlled numerical experiment, we apply it in the
following to a more challenging real data set.

5 A Numerical Example Based on Real
Data

We adjust GNSS observations of the circularly and con-
stantly rotating multi-sensor system (MSS) described in Paf-
fenholz (2012), given in an North-East-Up (NEU) coordinate
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Fig. 4 Excess of the estimated periodograms of the decorrelated resid-
uals for the North (red) and the East (blue) component based on the
AR(12) model over the theoretical white noise periodogram (constant
zero); approximate 99% significance bounds are displayed as the two
heavy black lines

system. We previously approximated this dataset by a 3D
circle model parameterized in such a way that the obser-
vation equations are conform with a Gauss-Markov model
(Alkhatib et al. 2018). We now use the circle model (32)
instead and employ the Gauss-Helmert model (33)—(35) as
described in Sects. 2—4, after projecting the 3D points into
the North-East-plane. The total number of observations is
given by n = 15,792. As AR models of orders 15 were
previously found to be adequate to capture the colored
measurement noise in the North and East component, we
tried out orders between 10-20 and selected the smallest
order (p = 12) for which Bartlett’s periodogram-based
white noise test (described in Kargoll et al. 2018) is accepted
for both components upon convergence of the EM algorithm
of Sect. 3 (see Fig. 4). For this AR model order, the algorithm
converged after 60 EM steps. The estimated AR coefficients
are shown in Table 2; the rather small values indicate that the
processes are stable and do not cause numerical problems
during the filtering steps. Concerning the 3D circle model
fitted in Alkhatib et al. (2018), the optimal AR model orders
for the comparable North and East components were p = 15
each, but the periodogram excesses of the corresponding esti-
mated AR models exceeded the 99 % significance bounds,
so that these models were not fully satisfactory. Thus, the
estimated AR models with respect to the current 2D model
are both adequate in view of the accepted white noise tests
and more parsimonious due to the smaller model orders. The
estimated degrees of freedom v; = 3 and ¥, = 3 indicate
substantial heavy-tailedness of the white noise components.
Table 3 shows that the estimated radius 7 and circle center
coordinates in the North-East (x—y) plane differ only slightly
(0.3 mm) between the 3D and 2D circle model. In contrast,
the estimated scale factors and degrees of freedom with
respect to these two coordinate components differ greatly
between the two circle models. As the fitted AR models and
thus the colored noise characteristics have been found to be
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Table 2 Estimated coefficients of the AR(12) models fitted to the
North (& ;) and East (&, ;) component

J @y @, i @y @,

1 0.2522 0.0284 7 0.0272 0.0844
2 0.0991 0.1327 8 0.0235 0.0368
3 0.0544 0.0677 9 0.0739 0.0488
4 0.0751 0.0326 10 0.0380 0.0358
5 0.0209 0.0952 11 0.0478 0.0802
6 0.0670 —0.0013 12 0.0965 0.0565

Table 3 Estimated parameters of the 3D circle model and t-
distributions fitted in Alkhatib et al. (2018) that can be directly com-
pared with the estimates of the current 2D model and t-distributions
(the estimated rotation angles and the center coordinate, scale factor as
well as degree of freedom with respect to the Up/z-component of the
3D circle model do not occur in the 2D circle model and are therefore
omitted)

Parameter 3D circle model 2D circle model
P 0.2971 m 0.2973 m

Xe 12.2340 m 12.2337 m

Ve —16.6317 m —16.6319 m

o1 7.3-1077 m? 1.6 - 1077 m?
67 1.4-107° m? 3.3-1077 m?
Dy 120 3

Uy 88 3

quite different for the two adjustment models, differences of
the white noise models in terms of scale factors and degrees
of freedom appear to be a reasonable consequence. As the
results of the previous Monte Carlo simulation showed a
quite large variability of the estimates for these parameters,
it is currently unclear how significant the observed numerical
differences actually are.

6 Summary, Conclusions, and Outlook

We extended the Gauss-Helmert model with Student errors
to situations, where the random deviations of different obser-
vation groups follow independent AR processes, where the
white noise components of each process are modeled by a
Student distribution with individual scale factor and degree
of freedom. We formulated the optimization problem within
the framework of constrained ML estimation, leading to a
computationally convenient EM algorithm. The linearization
of the condition equations was shown to be simply nested
within the conditional maximization step with respect to
the affected parameters. The conditional maximization steps
with respect to the AR coefficients, the scale factors and the
degrees of freedoms are similar to those of a comparable
EM algorithm for the previously established multivariate
regression time series models with AR and Student errors.
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We showed that the proposed algorithm produces reason-
able estimates in a numerical simulation. The biases of the
three estimated circle parameters are very small already for
a a number of observations as small as 1,000. The finding
that the biases of the estimated AR coefficients decrease
rather slowly, being still quite large for 10,000 observations,
suggests that the number of observations should be much
larger than that (say, n > 1,000,000) in practice. The
modeling of AR processes with higher orders should then
also be based on larger numbers of observations, as observed
in Kargoll et al. (2018). As to the reason for the persistent
bias it could be investigated in the future whether the warm-
up effect due to the simple choice of zeros for the initial
values of the AR processes plays an important role. The focus
of the presented closed-loop simulation was to evaluate the
bias of the estimator but not the robustness of the estimator
against AR model misspecification. As the AR model order
is usually unknown in practical situations it seems to be a
worthwhile task, as part of future work, to study the effect of
a misspecified AR model order on the estimation of the other
model parameters. Such research related to the problem of
model selection could include the application of information
criteria (besides the white noise tests), which were also
beyond the scope of the current contribution. The biases of
the estimated scale factors and of the estimated degrees of
freedom could not be decreased by increasing the number of
observations, which problem should also be investigated in
the future. Despite these shortcomings it could be demon-
strated by a numerical example that small weights imputed
by the EM algorithm correspond to visible outliers in the
given time series. The application of the proposed adjustment
procedure to the fitting of a circle to a data set consisting
of real GNSS observations led to more adequate and more
parsimonious AR models than the previous approximation of
that data by means of a fundamentally different adjustment
procedure.

The investigated Gauss-Helmert model with AR and Stu-
dent errors appears to be a useful framework in the context
of multivariate time series analysis of sensor data affected
by auto-correlations and outliers. In case such phenomena
do not play a significant role, the Student distribution tends
towards a Gaussian distribution (since the estimated degree
of freedom takes a large value), and the estimated AR models
are eliminated through the aforementioned model selection
procedure. Thus, the classical Gauss-Helmert model may be
viewed as a special case of the presented model when the
observations can be grouped in a certain way.
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Abstract

The DIA-method, for the detection, identification and adaptation of modeling errors, has
been widely used in a broad range of applications including the quality control of geodetic
networks and the integrity monitoring of GNSS models. The DIA-method combines two key
statistical inference tools, estimation and testing. Through the former, one seeks estimates
of the parameters of interest, whereas through the latter, one validates these estimates and
corrects them for biases that may be present. As a result of this intimate link between
estimation and testing, the quality of the DIA outcome X must also be driven by the prob-
abilistic characteristics of both estimation and testing. In practice however, the evaluation
of the quality of X is never carried out as such. Instead, use is made of the probability
density function (PDF) of the estimator under the identified hypothesis, say X;, thereby thus
neglecting the conditioning process that led to the decision to accept the i’" hypothesis.
In this contribution, we conduct a comparative study of the probabilistic properties of X and
X;. Our analysis will be carried out in the framework of GNSS-based positioning. We will
also elaborate on the circumstances under which the distribution of the estimator X; provides
either poor or reasonable approximations to that of the DIA-estimator X.

Keywords
Detection, identification and adaptation (DIA) - DIA-estimator - Global Navigation Satel-
lite System (GNSS) - Probability density function (PDF) - Statistical testing

parameters of interest, a statistical testing is also exercised
to check the validation of underlying model. The actual
DIA outcome is then the one which rigorously captures this

1 Introduction

In the DIA-method for the detection, identification and
adaptation of mismodelling errors, next to estimation of
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combination of estimation and testing, and was introduced
as the DIA estimator in Teunissen (2017b). The DIA-method
has been widely used in a variety of applications, including
the quality control of geodetic networks and the integrity
monitoring of GNSS models, see e.g. DGCC (1982),
Teunissen (1990), Salzmann (1995), Tiberius (1998), Perfetti
(2006), Khodabandeh and Teunissen (2016), Zaminpardaz
et al. (2015). As a result of the combined estimation-testing
scheme of the DIA-method, the DIA outcome X must also be
evaluated on the basis of characteristics of both estimation
and testing. In practice however, the evaluation of the quality
of X is carried out based upon the probability density function
(PDF) of the estimator under the identified hypothesis, say
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Xi, without regard to the conditioning process that led to the
decision of accepting the hypothesis #;. In this contribution,
a comparative study of the probabilistic properties of X
and X; is conducted to highlight the impact of neglecting
the estimation-testing link on follow-on quality evaluations
and to elaborate on the circumstances under which such
negligence may still be considered acceptable.

This contribution is organized as follows. We first give a
brief overview of the Detection, Identification, and Adapta-
tion procedure in Sect. 2. Using a partitioning of the misclo-
sure space, the DIA-estimator and its statistical distribution
are then presented in Sect. 3. The difference between the PDF
of the DIA-estimator and that of X; is discussed and shown
to be driven by the DIA-method decision probabilities which
can be categorized as probability of correct acceptance (CA),
of false alarm (FA), of correct/missed detection (CD/MD)
and of correct/wrong identification (CI/WI). In Sect.4, we
outline the estimation and testing strategies that we use for
our analyses. Section 5 contains our numerical evaluations
of the distribution of the DIA-estimator X and its normally-
distributed individual components X; (i = 0,1,...,k). We
graphically demonstrate, for binary hypothesis testing, i.e.
Ho and H;, applied to a single-unknown, single-redundancy
observational model, the PDF of X, X, and x; under both
Ho and H;. The distributional comparison is then continued
for a Global Navigation Satellite System (GNSS) single
point positioning (SPP) model where multiple-hypothesis
testing is involved. Finally a summary with conclusions are
presented in Sect. 6.

2 DIA Overview

As our point of departure, we first formulate our statistical
hypotheses. The hypothesis believed to be true under nom-
inal working conditions is referred to as the null hypothe-
sis. Denoted by Hy, the null hypothesis is assumed to be
given as

Ho: E(y) = Ax . D) =0y ey

with E(-) and D(-) denoting the expectation and dispersion
operators, respectively. According to (1), under Hy, the
expectation of the normally-distributed random vector of
observables y € R™ is characterized through the unknown
parameter vector x € R” and the full-rank design matrix
A € R™" (rank(A) = n), while the dispersion of the
observables y is described by the positive-definite variance-
covariance matrix Q,, € R"™. The redundancy of H, is
r = m —rank(A4) = m — n. The corresponding estimator of
x on the basis of (1) is denoted by Xy.

The observational model in (1) could be misspecified in
several ways like, for example, E(y) # A x and/or D(y) #

S.Zaminpardaz and P. J. G. Teunissen

Qyy. Here we assume that a misspecification is restricted
to an underparametrization of the mean of y, which is the
most common error that occurs when formulating the model
(Teunissen 2017a). Thus, the alternative hypothesis H,; is
formulated as

Hi: E(y) = Ax + Gb , D()=0,, (@
where b; € R? is the unknown bias vector while C; € R™*4
is known which together with the design matrix A form a
full-rank matrix, i.e. rank([4, C;]) = n 4+ g withg < m —
n. The corresponding estimator of x on the basis of (2) is
denoted by X;.

In practical applications, we usually have to consider
several alternative hypotheses about the physical reality at
hand. For example when modeling GNSS observations, we
may need to take into account hypotheses describing code
outliers, phase cycle slips, ionospheric gradients, etc. The
statistical validity of H, and the multiple, say k, alternatives
H; (i =1,...,k) is usually checked through the following
three steps of detection, identification and adaptation (DIA)
(Baarda 1968; Teunissen 1990).

1. Detection The null hypothesis undergoes a validity check
using an overall model test, without considering a par-
ticular set of alternatives. If %, is accepted, then Xy is
provided as the estimate of x.

2. Identification In case H, is rejected, a search is carried
out among the specified alternative hypotheses H; (i =
1,...,k) with the purpose of pinpointing the potential
source of model error. In doing so, one of the alternative
hypotheses, say H;, is identified as the suspected model
error.

3. Adaptation The identified hypothesis H; becomes the
new null hypothesis. The #H,-based inferences are then
accordingly corrected and %; is provided as the estimate
of x.

The required information to realize the above steps of the
DIA-method is contained in the misclosure vector t € R”
given as

r = BTy; On = BTnyB (3)
where B € R™ is a full-rank matrix, with rank(B) = r,
such that [A, B] € R”™*" is invertible and A” B = 0. With
y % N(Ax + Cib;. Q,,) fori =0,1,... .k and Coby = 0,
the misclosure vector is then distributed as

for i =0,1,...,k
4

s N(u,; = BTCibi, Q11),

An unambiguous testing procedure can be established
through unambiguously assigning the outcomes of ¢ to the
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statistical hypotheses H; for i = 0,1,...,k, which can
be realized through a partitioning of the misclosure space
(Teunissen 2017b). As such, let P; e R" (i = 0,1,...,k) be
a partitioning of the misclosure space R’, i.e. Uf?ZOPi =R
and P, NP; = @ fori # j, then the unambiguous testing
procedure is defined as follows (Teunissen 2017b)

Select H; <—

tePp; for i =0,1,....k (5

3 On the Outcome of the DIA Method
Looking at the three steps of the DIA-method presented in
Sect. 2, it can be realized that estimation and testing are
combined in the DIA procedure. To gain a better appreciation
of this combination, the DIA procedure is schematically
visualized in Fig. 1. One can then find out that this is indeed
the testing decision which determines how to estimate the
unknown parameter vector x. Therefore, the actual DIA
outcome, denoted by X, will inherit the characteristics of not
only the estimation scheme but also the testing scheme as
well.

3.1 DIA Estimator

The combined estimation-testing scheme of the DIA-method
can be captured in one single DIA estimator which was
introduced in Teunissen (2017b) and is formulated as

k
=) %pQ)
i=0

in which the contribution to X from the estimation scheme
is captured by the individual estimators x; (i = 0,1,...,k),
and from the testing scheme by the indicator functions p; (¢)
(i = 0,1,...,k) defined as p;(t) = 1if tr € P; and
pi(t) = 0 elsewhere. The DIA outcome X is therefore a
binary weighted average of all the solutions corresponding
with the hypotheses at hand. We note that although X is linear
in the estimators x; (i = 0,1,...,k), it is nonlinear in ¢ as
the indicator functions p;(t) (i = 0,1,...,k) are nonlinear
functions of . As a consequence, even if all the individual
estimators X; (i = 0,1,...,k) are normally distributed, X
does not have a normal distribution.

(6)

Fig. 1 Schematic illustration of
the DIA-method
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3.2  Abnormality of the PDF of x

A general probabilistic evaluation of the DIA-estimator is
presented in Teunissen (2017b), see also Teunissen et al.
(2017). With (6), the probability density function (PDF) of
X, under an arbitrary hypothesis like ;, can be expressed
in terms of the probabilistic properties of the estimators x;
(i=0,1,....k)and t as

k
~O1H,) = < (0.t d 7
£:(01H)) ;Lifl,(ﬂ Ndr

where f; ,(0,t|H;) is the joint PDF of X; and ¢ under
‘H ;. The abnormality of the DIA-estimator PDF can clearly
be seen in the above equation. It is important to note,
upon application of the DIA-method, that all the follow-
on evaluations and inferences must be derived from the
probabilistic properties of X which are captured by its PDF
in (7). In practice however, if a certain hypothesis, say H,;,
is selected through the testing procedure, use is made of
the PDF of the estimator under the selected hypothesis,
i.e. X;, neglecting the conditioning process that led to the
decision to accept this hypothesis, see e.g. Salzmann (1995),
Klein et al. (2018).

To get a better insight into what such negligence could
incur, we highlight the difference between the PDF of the
DIA-estimator x and that of the estimator X;, which, under
H, can be expressed in

feOH)) — [+, (01H;) =
{ faigr Ot & Pi. 1)) — frugr, (Olt € P Hj)px (8)
{1 —P(t € ’P,'|7'[j)}

in which P(-) denotes the probability of occurrence of the
event within parentheses. The above expression results from
an application of the conditional probability rule and the fact
that the event (x|t € P;) is equivalent to (X; |t € P;). As (8)
shows, the difference between f3(0|H;) and f; (0|H;) is
governed by the difference between the conditional PDFs
Faugn, Ot ¢ P Hy) and fogep, Ol ¢ Py M) as
well as the probability P(t € P;|H;). If, for instance, the
probability P(r € P;|H ;) gets close to one, the non-normal
PDF f:(0|H;) gets closer to the normal PDF f; (0|H;).
Depending on the values of i and j, probabilities P(t €

Testing desicion T L
Select H,,

jef{o,n,..., k|l Based (m?{‘.’“"’"" y




92

Pi|H;) (i,j =0,1,...,k) can be categorized as
Pca = P(I € P0|7'[0) Pro.
Ppa = 1—Pca Pro.
PMDj = P(l € P()|Hj¢()) Pro.
PCD_,‘ =1- PMDj Pro.
PCIj =P(r e Pj#OH"j#O) Pro.
Pro.

correct acceptance
false alarm

missed detection
correct detection
correct identification
wrong identification

(€))

Pwi, = Pcp; — Py,

where ‘Pro.” stands for ‘Probability of’. Distinguished by
index j, the last four probabilities are different from alter-
native to alternative. Also note that the last two probabili-
ties become of importance when more than one alternative
hypothesis need to be considered. For the single alternative
case, say Hi, we have Pcy, = Pcp, and Pwy, = 0.

4 Estimation and Testing Strategy

Here, we outline the estimation and testing method as
employed in our numerical analysis of the following section.
We also remark that our evaluations will be carried out for
scalar biases, i.e. b; € R, revealing that C; will take the form
of a vector ¢; € R™.

Estimation To estimate the unknown parameters, use is
made of the Best Linear Unbiased Estimation (BLUE)
method. As such, X, corresponding with (1) and X;
corresponding with (2) are given by

fo=Aty=(TopA ATy
% = Ay = (A] 05 AN AT 05

where the superscript ‘4’ denotes the BLUE-inverse,
A;=PFA and PL = I, — ci(c] Q5 e 07
Assuming that the observation vector y is normally
distributed, Xy and x; in (10), as linear functions of y,
have also normal distributions. It can be shown, through the
Tienstra transformation (Tienstra 1956; Teunissen 2017b),
that all the information in the observation vector y is
contained in the two independent vectors X and ¢ (cf.3).
The estimator X;, as a linear function of y, can then be

expressed as a linear function of X, and ¢ as

(1)

in which L; = A+c,-(ctlr Q,‘,lc,,.)_lcl‘ler_t1 with ¢;, = BT¢;.

)ei :)eo—L,'l

Testing Our testing procedure is specified through defining
the regions Py and P; o (cf. 5) as follows

Po :{teR’

0, < kar)

P; =1t e R"/Py| |wi| = max
o= {1 € RP il = max

S.Zaminpardaz and P. J. G. Teunissen

in which [l.|5, = ()7 Q' (). « is the user-defined false
alarm probability Pga, kq , is the a-percentage of the central
Chi-square distribution with r degrees of freedom, and w; is
Baarda’s test statistic computed as (Baarda 1967; Teunissen
2000)

T NH—1
C,. t
w, = w =1,k (13)
\/Ct{Qt_tlcti
5 Numerical Evaluations

In this section, we emphasize the discrepancies between the
non-normal PDF of x and the normal PDFs of its individual
components, i.e. X; (i = 0,1,...,k). In addition, we
investigate situations in which the abnormality of the PDF
of X gets mitigated. In doing so, we first consider a simple
observational model with only a single alternative hypothesis
‘H1, and then continue with a multiple-hypothesis example in
the context of GNSS single point positioning.

5.1 Single-Alternative Case

Suppose that under H,, the observational model in (1)
contains only one unknown parameter (n = 1) with one
redundancy (r = 1),i.e. x € Rand ¢t € R. We furthermore
assume that there is only one single alternative hypothesis,
say H, against which the null hypothesis H, is to be tested.
For this binary example, the partitioning of the misclosure
space is formed by two regions, Py and its complement 7.
The DIA-estimator is then constructed by the two estimators
Xo and X; and the misclosure ¢ as

= %o polt) + £1(1 = po(1)) (14)

To compute the PDF of x, we assume that 7, Xy and X, are
distributed as

H H

¢ % NO.0?) S NG op)

~ H A

WENOR) N

1Y N©.02 + Lio) . 21 X N (0,02 + Lio})
(15)

for some non-zero scalar i,. Note that X; is unbiased
both under Hy and H;. Under H,, there is no bias to be
considered, and under #;, Xx; is obtained based on a model
in which the bias b; has already been taken into account.
With (8), (14) and (15), the difference between the PDF
of the DIA-estimator X and the normal PDFs of Xy and Xx;
is driven by o;, 03,, L1, Po and the value of u, which
comes into play under the alternative hypothesis ;. In the
following, we show how the PDF differences in (8) behave
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Fig. 2 PDF of the DIA-estimator X versus those of Xy and X; under
Ho in (14), given o, = \/2m, 03, = \/0.2m and L; = 1. blue:
J2,(B|Ho); black: fz, (01Ho); red dashed-dotted: fz(0|Ho) for Ppa =
0.2; red solid: fz(0|H,) for Ppy = 0.05

as function of some of these parameters under both #, and
H,. Note that instead of Py, we equivalently work with the
probability of false alarm Pps = P(t € P§|Ho), which is
usually a priori set by the user.

Evaluation Under Hy Given o, = +/2m, 03, = +/0.2m
and L, = 1, Fig. 2 shows the normal PDFs of X, (blue) and
X1 (black) as well as the PDF of x (red) under H,. The DIA-
estimator PDF is illustrated for two different values of Pga
distinguished by their line style; dashed-dotted: Ppa = 0.2,
solid: Ppa = 0.05. As it can be seen, the PDF of the DIA-
estimator does not resemble a normal distribution, but in
fact a multi-modal distribution. Like the shown two normal
PDFs, the red graphs are symmetric w.r.t. the center, which
means that the DIA-estimator is unbiased under the null
hypothesis, i.e. E(x|Ho) = 0. It is observed that the PDF of
the DIA-estimator gets close to the normal PDF of Xy as the
false alarm probability decreases. It indeed makes sense as
decreasing the false alarm probability means that it is getting
more likely that the testing procedure leads to the decision to
correctly accept the null hypothesis. This in turn will result
in the contribution of Xy to the construction of X getting
larger. In the extreme case of Ppa = 0 (no testing), the DIA-
estimator PDF becomes identical to the normal PDF of x,.
If the data precision Q,, gets scaled by a factor of k €
R, then the precision of %o, £; and ¢ will also change by
exactly the same factor k (cf.3, 10). Shown in Fig. 3 are
the PDFs of %, X1 and X under H, given 0; = k X +/2m,
03, = Kk X ~/02m, L; = 1 and Pgy = 0.1. The left panel

corresponds with k = 1 while the right panel shows the
results of x = 1.5. In agreement with the normal PDFs of
Xo and X;, the PDF of X gets less peaked around the true
value when the data in use gets less precise (« increases).

Evaluation Under H; For our analysis under H;, we need to
consider some value for p;, as well. With Py in (12) and the
definition of correct detection probability in (9), the larger
the value of b, (bias under 7{;) and thus g, , the higher
is the probability of correct detection. Figure 4 shows, for
o, = /2m, 0z = ~02m, Ly = 1 and Pgy = 0.1, the
graphs of f3 (0|H1), f3 (0|H1) and f3(0|H1). The panels,
from left to right, correspond with y;, = 3 m, i, = 4m and
s, = 7m. Given on top of each panel is the corresponding
probability of correct detection. We note that the PDF of the
DIA-estimator under #H; is no longer symmetric around the
center, revealing that the DIA-estimator under H; is biased,
ie. E(x|H1) # 0. The larger the probability of correct
detection gets, the closer the PDF of the DIA-estimator
gets towards the normal PDF of X;. And ultimately with
a correct detection probability larger than 0.99, the PDF
J5(0|H,) almost coincides with the PDF f; (6|H;) which
indeed makes sense as more than 99% of the time, the
testing procedure leads to #H; being selected. We remark
that the probability mass of f; (6|7 ) becomes more centred
around the correct value, or equivalently the DIA-estimator
becomes less biased under #, for higher correct detection
probabilities which can be achieved as a result of larger
biases (as shown in Fig. 4), larger false alarm probabilities
and/or more precise data.

5.2 Multiple-Alternative Case

In Sect. 5.1, we discussed the properties of the DIA-estimator
through some simple examples of binary hypothesis testing
applied to a single-unknown, single-redundancy model. With
the insight gained from these examples, we now consider the
DIA-estimator in the context of a more practical application,
i.e. the well-known GNSS single-point positioning (SPP).
Assuming that a single GNSS receiver is tracking the pseu-
dorange observations of m satellites on a single frequency,
the SPP model under the null hypothesis reads

X

Hi: E0) = 6 el |, ] o Do) = o,
(16)

with G € R™*3 containing the receiver-satellite unit direc-
tion vectors as its rows, e,, € R” containing ones and [, €
R™ ™ being the identity matrix. There are four unknown
parameters to be estimated (n = 4); x € R3 the receiver
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Fig. 3 PDF of the DIA-estimator 1 1
X versus those of X, and X; under
Ho in (14), given ﬂ
0; = Kk X A/2m, 08 I 0.8}
0% =k X 4/0.2m, L; = 1 and
Pga = 0.1 for [left] x = 1 and
[right] k = 1.5. blue: f3,(0|Ho); 0.6 0.6+
black: fz, (0|Ho); red: fz(01Ho) E E
o a
0.4} 0.4+
-
0.2¢ 0.2}
0 0
-5 0 5 -5 0 5
0 [m] 0 [m]
Pcp =0.68 Pcp =0.88 Pcp > 0.99
1 1 1
0.8 0.8 0.8
0.6 0.6+ 0.6
L w w
[a] )] [a]
a o o
0.4 0.4+ 0.4
0.2 0.2¢ 0.2
0 0 0
-5 0 5 -5 0 5 -5 0 5
0 [m] 0 [m] 6 [m]

Fig. 4 PDF of the DIA-estimator X versus those of Xy and Xx; under
in (14), given 0, = +/2m, 05, = /0.2m, L; = 1 and Ppy = 0.1
for, [left] u;, = 3m, [middle] u;, = 4m and [right] u;, = 7m.

coordinate components increments and d¢ € R the receiver
clock error increment. The redundancy of Hy is then r =
m — 4. The dispersion of the observables is characterized
through the standard deviation o,. At this stage, for the
sake of simplicity, we do not consider a satellite elevation-
dependent variance matrix.

It is assumed that the alternative hypotheses capture the
outliers in individual observations. Thus, with m satellites
being available, there are m alternatives H; (i = 1,...,m)
of the following form

Hi E0) = -G el |5 | +ab Do)

0y2 1,
(17)

where ¢; € R™ is a canonical unit vector having one as its
jth entry and zero elsewhere, and b; € R is the scalar outlier.
Note that the alternative hypotheses in (17) are identifiable
provided that ¢, } ¢; for any i # j (Zaminpardaz
2018). For our analysis, we consider the satellite geometry
illustrated in Fig. 5, comprising six satellites (m 6).

blue: f3,(0|H1); black: f3,(0|H,); red: fz(0|H,). The corresponding
correct detection probabilities are given on top of each panel

270

Fig. 5 Skyplot view of satellites. The six blue circles denote the
skyplot position of the satellites

Therefore, six alternative hypotheses (k = m = 6) of the
form of (17) are considered in the DIA procedure, and the
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Fig. 6 PDF of the DIA-estimator 0.3

0.3

u versus that of ity under #,. The
illustrations are given for the
receiver coordinate up
component in SPP model in (16)
corresponding with the satellite
geometry in Fig. 5 for [left]

0y, = 0.7m and [right]

oy = 1 m. blue: f;,(01Ho); red
dashed-dotted: f;(0|H,) for 01l
Pra = 0.3; red solid: f;(0|Ho)
for PFA =0.1

0.2+

PDF

0.2+

PDF

0.1+F

20 0
0 [m]

redundancy under the null hypothesis is ¥ = 2 (t € R?).
We also remark that for this satellite geometry, all the six
alternatives are identifiable. Our illustrations will be shown
for receiver coordinate up component, denoted by u, under
Ho, Hi (outlier in G1 observation) and H4 (outlier in G4
observation). However, we note that our conclusions will
be valid for any unknown parameter in (16). Without loss
of generality, we also assume that the true value of the up
component is zero.

Evaluation Under Hy In Fig. 6, the PDFs of i1y and u are
depicted in, respectively, blue and red color. The left panel
shows the results corresponding with o, = 0.7 m while the
right one shows the results corresponding with o, = 1m.
In each panel two red graphs are illustrated; dashed-dotted:
Pea = 0.3, solid: Ppa = 0.1. Again the symmetry of
the DIA-estimator PDF around the true value indicates the
unbiasedness of the DIA-estimator under the null hypothesis.
In addition, the peakedness of the DIA-estimator PDF, like
the PDF of iy, around the true value decreases when the
data precision gets poorer (o, increases). Similar to the
single-alternative example, we expect that the difference
between the red and blue graphs will diminish if the false
alarm probability decreases. This is indeed corroborated by
comparing the red dashed-dotted graphs with the red solid
ones in Fig. 6.

Evaluation Under H, and H4 For our analysis under alter-
native hypotheses, we, as example, take the two alternatives
‘H1 and H4. Assuming 0, = 1 mand Py = 0.1, Fig. 7 shows
the PDFs of i, &; and u under ;. The top panels are given
for i = 1 while the bottom panels are obtained for i = 4.
The values for b; under the mentioned two alternatives are,
from left to right, set to b; = 3, 7 and 15m. Here, because of
having more than one single alternative, in addition to the
correct detection probability, we also compute the correct
identification probability, both of which are shown on top of
each panel.

20 -20 0 20

The significant departure between the red graph and the
other two normal curves in each panel is an indicator of
how misleading the post-DIA quality assessments would
be if one neglects the conditioning on testing outcome.
For example, let us assume that, for the case of lower-
right panel, H4 is selected through the DIA procedure. As
shown in Fig. 7, the PDF of i, has larger probability mass
around the true value than that of u. Therefore, assessments
on the basis of f;, (6|H4), rather than f;(0|H4), would
lead to optimistic/misleading quality descriptions (precision,
accuracy, integrity, etc.). As the bias value b; increases, both
the correct detection and identification probabilities increase
as well, resulting in less discrepancies between f; (6|H;)
and f;(0|H;). Note, however, that the difference between
the red graphs and the corresponding black ones becomes
small only for large correct identification probabilities, and
not necessarily for large correct detection probabilities. For
example, for the case where bias under H; is by = 7m
(upper-middle panel), despite having a large correct detec-
tion probability of Pcp, = 0.94, there is a big difference
between the red and black curve as the correct identification
probability is only P¢j, = 0.60.

6 Summary and Concluding Remarks

There is a close link between estimation and testing in any
quality control procedure. By highlighting this link and its
consequences, we revealed its impact on the quality evalua-
tions usually performed and elaborated on the circumstances
under which negligence of this link may still be considered
acceptable. In doing so, we provided a comparative study
of the probabilistic properties of the actual DIA outcome
X derived from the characteristics of both estimation and
testing, and the individual estimators X; corresponding with
the hypotheses at hand H; (i = 0,1,..., k) neglecting the
uncertainty of the testing decision process. Our analyses
were conducted assuming that the observations are normally
distributed and that the underlying models are linear.
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Pcp, =0.37, Pcy, =0.14 Pcp, = 0.94, Pcy, = 0.60 Pcp, > 0.99, Pcy, =0.91
0.2 0.2 0.2
o) a
0.1 2 0.1 g2 0.1
0 0 : 0
-20 0 20 -20 0 20 -20 0 20
0 [m] 0 [m] 0 [m]
Pcp, = 0.14, Pcy, = 0.03 Pcp, = 0.34, Pcy, = 0.11 Pcp, = 0.87, Pcy, = 0.44
0.2 0.2 0.2
S a) a
g2 0.1} e 0.1 g 0.1
0 0 0
-20 0 20 -20 0 20 -20 0 20
0 [m] 0 [m] 0 [m]

Fig. 7 PDF of the DIA-estimator # versus those of #y and #; under
H; in (17) for [top] i = 1 and [bottom] i = 4. The illustrations are
given for o, = 1m and for [left] 5; = 3m, [middle] b; = 7m and

We started with simple examples of single alternative
hypothesis where a single-unknown, single-redundancy
model was considered. The DIA-estimator was then
constructed by Xy, X; and ¢. It was demonstrated that the
distribution of the DIA-estimator, unlike its individual
constructing components, is not normal, but multi modal.
However, the non-normal PDF of X|H, (xX|H;) will
approach the normal distribution of Xo|Ho (X1|H1) if Pga
(Pmp = 1—Pcp) decreases. The impact of the data precision
on the DIA-estimator PDF was also illustrated. For example,
under Hy, the more precise the observations are, the more
peacked the DIA-estimator PDF gets around the true value. It
was also shown that while x is unbiased under H,, it is biased
under H;. The bias of x|#, gets, however, smaller when the
correct detection probability gets larger as more probability
mass of f;(6]H,) becomes centred around the true value.

Having investigated the single-alternative case, we then
applied the DIA-method to the satellite-based single point
positioning model where multiple alternative hypotheses,
describing outliers in individual observations, were consid-

[right] b; = 15m. blue: f;,(0|H;); black: f;, (0|H;); red: fa(O1H;).
The corresponding correct detection and identification probabilities are
given on top of each panel

ered. For our illustrations, we showed the results corre-
sponding with the receiver coordinate up component u. We
however remark that the following conclusions are valid for
any other unknown parameter and linear model. Similar to
the single-alternative example, it was shown that the PDF
of the DIA-estimator u cannot be characterized by a normal
distribution. Depending on the underlying settings, there
could be significant departures between the PDF of the DIA-
estimator and that of the estimator associated with the iden-
tified hypothesis. It was highlighted that if the uncertainty
of the statistical testing is not taken into account, then one
may end up with a too optimistic quality description of the
final estimator. Nevertheless, depending on the requirements
of the application at hand, the DIA-estimator PDF may be
well approximated by iig|Ho under Ho and by &;|H; under
‘H,; for, respectively, small Prs and large Pcy,. It is therefore
important that one always properly evaluates identification
probabilities, as a large probability of correct detection not
necessarily implies a large correct identification probability
(Teunissen 2017b).
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Abstract

Itis well known that the MInimum NOrm LEast-Squares Solution (MINOLESS) minimizes
the bias uniformly since it coincides with the BLUMBE (Best Linear Uniformly Minimum
Biased Estimate) in a rank-deficient Gauss-Markov Model as typically employed for free
geodetic network analyses. Nonetheless, more often than not, the partial-MINOLESS is
preferred where a selection matrix Sy := Diag(1,...,1,0,...,0) is used to only minimize
the first k components of the solution vector, thus resulting in larger biases than frequently
desired. As an alternative, the Best LInear Minimum Partially Biased Estimate (BLIMPBE)
may be considered, which coincides with the partial-MINOLESS as long as the rank
condition rk(SxkN) = rk(N) = rk(A4) =: ¢ holds true, where N and A are the
normal equation and observation equation matrices, respectively. Here, we are interested
in studying the bias divergence when this rank condition is violated, due to ¢ > k > m —gq,
with m as the number of all parameters. To the best of our knowledge, this case has not been

studied before.

Keywords

Bias control - Datum deficiency - Free geodetic networks

1 Introduction

It has long been recognized that the adjustment of free
geodetic networks will lead to biased point coordinate esti-
mates when using a rank-deficient Gauss-Markov Model
(GMM). Only quantities that can be expressed as functions
of the observables may result in unbiased estimates after a
(weighted) least-squares adjustment. For more details, we
refer to Grafarend and Schaffrin (1974).

A far wider scope is reflected in the Springer book
Optimization and Design of Geodetic Networks, edited by
Grafarend and Sansé (1985), which represents the status of
research at the time. For the discussion in the following
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K. Snow (P4)
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contribution, most relevant should be the paper “Network
Design” by Schaffrin (1985) that can be found in that
volume. In particular, estimates of type MINOLESS (MIn-
imum NOrm LEeast-Squares Solution), BLESS (Best Least-
Squares Solution), and BLUMBE (Best Linear Uniformly
Minimum Biased Estimate) are derived therein and given
various representations, including proofs that show their
identity under certain conditions.

On the other hand, for many practical applications (e.g.,
Caspary 2000), the general MINOLESS is being replaced
by partial MINOLESS for which only the Sj-weighted
norm of the estimated parameter vector is minimized, where
Sy = Diag(1,...,1,0,...,0) is called a “selection matrix.”
Unfortunately, Snow and Schaffrin (2007) would then show
that the (full) MINOLESS is the only Least-Squares Solution
that minimizes the bias uniformly so that the bias of the
partial MINOLESS must be monitored separately. Moreover,
when Schaffrin and Iz (2002) began studying estimators
that minimize the bias at least partially, it turned out that
the best among them (BLIMPBE: Best LInear Minimum
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Partially Biased Estimate) will not belong to the LEast-
Squares Solutions (LESS) unless a certain rank criterion is
fulfilled that involves the particular choice of the selection
matrix.

This phenomenon ultimately led to the study in the fol-
lowing where it is tried to describe the growth of bias in
dependence of the selection matrix, in particular when the
number k of selected parameters approaches the minimum
m — ¢q. After a review of the rank-deficient Gauss-Markov
Model in Sect. 2, the various relevant estimators will be
presented and characterized by their essential properties.
Then, in Sect. 3, the rank of a certain matrix product is shown
to be a very good indicator of the expected bias growth for
k — m — q. Finally, in Sect. 4, a simple 1-D network
from leveling data will be analyzed, and the results will be
summarized in a brief section on conclusions.

2 A Review of the Rank-Deficient
Gauss-Markov Model and Some of Its
Most Relevant Parameter Estimates

Let the Gauss-Markov Model (GMM) in linearized form be
defined by

y= Aé+e, e~(00P"), (D)

nxm

where

y denotes the n x 1 vector of observational increments,

A denotes the n x m coefficient matrix with ¢ := rk 4 <
m <n,

& denotes the (unknown) m x 1 vector of parameter incre-
ments,

e denotes the (unknown) n X 1 random error vector.

Also, E{e} = 0, where E denotes the expectation operator,

and ¥ = E{ee’} = o2 P~ with

og as (unknown) variance component. Here,

P~!'  represents the symmetric positive-definite n x n
cofactor matrix, resp.

P the corresponding n x n weight matrix.

Note that the dispersion matrix X' is assumed to be nonsin-
gular; for the more general case of a singular matrix X', see
Schaffrin (2013/2014), for instance.

2.1 General Representation of the

Weighted LESS

A weighted LEast-Squares Solution (LESS) would come
from the variational principle

B. Schaffrin and K. Snow

e’ Pe = miEn subjectto y — A& —e = 0. 2)
e,

The corresponding Lagrange target function reads
P(e, &, 1) :=e" Pe + 20T (y — AE —e), (3)

and, after making it stationary, leads to the Euler-Lagrange
necessary conditions, which finally provide the “orthogonal-
ity condition”

ATPe =0 (42)
for the residual vector e ==y — Aé, and then the “normal
equations”

N é =c,

mXm

tkN =tkA =g <m, for [N c]:=A4"P[A4y].

(4b)

Equation (4) allows for a multitude of LESS’s that can be
characterized in various ways, for instance by

fiess € INT¢|[NN"N =N} = 5)

= {NGe[NNJN =N, NJ = NoNNT = (N
using generalized inverses or — more efficiently — reflex-
ive symmetric g-inverses; alternatively, any LESS can be

described in the form

éLESS e {(N + KTK) '¢| K an (m — g) x m matrix,

KET nonsingular}, (6a)
where E is any (m — ¢) x m matrix with
tkE=m—¢q and AET =0. (6b)

Obviously, this particular LESS would fulfill the so-called
minimum constraints

KéLESS =0, (6¢)
due to the identity
AN + KTK)'KT = 4-ET(KETY ' =0. (1)

Conventional Choices of Particular
LESS’s

2.2

Let the MINOLESS be defined by

éTé = min subjectto ¢ — Né =0; (8a)
§



Controlling the Bias Within Free Geodetic Networks
then, it can be characterized by
& = N(NN) ¢ forany g-inverse (NN)~.  (8b)
Alternatively, the BLESS may be defined through
tr D{&} = min{tr D{& s} = 05 - w Ny NN} (9a)
leading to the representation
£ = NTc with N as “pseudo-inverse” of N.

(9b)

As a third alternative, the BLUMBE may be considered
by establishing its three properties

(i) “linear” & = Ly for some m X n matrix L,
(i) “uniformly minimum biased”

E{g}—& =L E{y}—&=—(In— LA}

10
— B -t (10a)
mxXm
with B as “bias matrix.” Then:
tr(BBT) = min < AATLT = 4, (10b)
L

(ii1) “best”
tr D{E} = miTn{cro2 rLPTULT | AATLT = A},
L
(10c)

These three properties of BLUMBE lead to the repre-
sentation

E=(N+ETE) ¢ (10d)
for any matrix E satisfying (6b).

Theorem 1 (cf. Schaffrin 2013/2014)

é MINOLESS — 5 BLESS — 5 BLUMBE

In addition, the partial MINOLESS is frequently intro-

duced by using the “selection matrix” Sy = Diag(l,
., 1,0,...,0)withm >k > m — q for
tréTSké = min subjectto ¢ — Né =0, (11a)
£

vielding the “extended normal equations”
Sc1n][ & | _ [0
|:N 0:| |:Ni =l resp. (11b)
Sc+N L[ E ] _Te
AR
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and, hence, the representations

E=(N+SETES) e =
=Sk + N)'N[N(Sx + N)"'N] e,

(12a)
(12b)

provided that ESy ET is nonsingular, resp. tk(Sx +N) = m.
In this case, the partial BLESS turns out to coincide with
the partial MINOLESS, whereas the BLUMBE will be the
partial BLUMBE already for all choices of Si. In particular,
it can be shown (Snow and Schaffrin 2007) that the (full)
MINOLESS is the only LESS that does minimize the bias uni-
formly by fulfilling (10b). So, by using the partial MINOLESS
instead, more bias than necessary is introduced. This led to
the interesting question whether the bias can be kept under
control, at least partially, while minimizing the trace of the
dispersion matrix. This approach led to the BLIMPBE.

23 The Best Estimate Under Partial Bias

Control
Let the BLIMPBE (Best LInear Minimum Partially Biased
Estimate) be defined by its three properties
(i) “linear” é = Ly for some m X n matrix L,
(i) “minimum partial bias”
B :=—(l,, — LA) as “bias matrix;” then:

tr(BSyBT) = min < ASRATLT = ASy, (13a)
L
(iii) “best”

tr D{€} = min{og - tw LP7' LT | AS ATLT = AS;}.
L

(13b)
It may then be represented by
E=SiN(NSkNSKN) NS -¢ ¢ {E1psst,  (130)

in general.

Theorem 2 (cf. Schaffrin and 1z 2002) The BLIMPBE will
be a LESS if, and only if,

k(S N) =1k N =gq. (14a)

In this case,

E=E:=SN(NSKN)™ ¢ € (& ugs). (14b)

the latter being introduced as “twin to BLIMPBE,” which
looks like an Si-weighted form of MINOLESS (8b), but does
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not necessarily coincide with the partial MINOLESS either
as long as

ES £ #0=ES;-£. (15)

3 The Various Choices of the Selection

Matrix

In view of the rank condition (14a), it is important to
distinguish a number of cases within the interval for k € [m—
q,m], plus a few sub-cases; note the following implications:

tk(Sk + N) =m =1k ([N S] [j’"}) = 1k [N S¢] =m,

rk[N Sk] <m = 1k(Sx + N) < m.

Casel: m —q = k such that tk(Sx + N) = m =
rk [N | Sk],

Case 1':  m —q = k such that tk [N | Sx] < m,

Case 1”: m—gq = k such thattk(Sx +N) < tk[N | Sx] =
m;

Case2: m—q < k < g suchthattk(Sx + N) = m =
k[N [ Si],

Case2’: m—q <k < g suchthatrk [N | Sk] <m,

Case2”: m —q < k < ¢ such that 1k(Sxy + N) <

rk [N | Sk] = m;
Case3: ¢ <k <msuchthattk(SyN) =1k N =g¢q,
Case 3": ¢ <k < m such that rk(Sk_N) <tk N =gq;

Case4: k=m= Sy =1, E=t=E=E.

Some of these cases may turn out empty, which is obvious
for the Cases 2, 2/, and 2" when 2g < m. Also, so far Cases
1" and 2" were never encountered in any practical example,
in spite of the fact that rk(Sx + N) and rk[N | Si] may be
different:

k(S1+ N) =1<2=1k[N|S|] for N := |:(1)i:|

Apparently, N is not positive-semidefinite here, and this may
be decisive for this counter-example (as we could not find
one for a positive-semidefinite V).

4 Numerical Experiments: A Leveling

Network

Here, a simple 2-loop leveling network is considered as in
Fig. 1, where heights of four stations (P, P, P3, Ps) must
be estimated from observed height differences, giving rise to
a datum deficiency of one.

B. Schaffrin and K. Snow

Ps
Y2 Ys
Py Y3 Py
v Ya
Py

Fig. 1 A 2-loop leveling network with equal path lengths between
points. Arrows point in the direction of the level runs

Table 1 Station heights in meters: true, biased, additive bias

Station True E, Biased £ Bias g,
P, 281.130 281.090 —0.040
P, 269.131 269.109 —0.022
P 290.128 290.133 0.005
P, 258.209 258.255 0.046

Then, the GMM reads

2
5{1 - 51;14451 + Sil’ ¢~ 0.2 =0ls).
—1+1 0 O
-1 041 O
with A4 = 0-14+1 0], P =Is,
0—-1 0+1
0 0—-1+1

n=5>m=4>q=3>m—q =1,
nullspace: N(A) = {t-a|a € R} = R(r) for

T .
T = [1, 1,1, 1] as “summation vector.”
4x1

Simulation of Observations and Parameter (Height) Biases
The observations were simulated by adding random noise
in the interval [—0.02, 40.02] m to differences of “true”
heights. Such a level of simulated observational noise might
be representative of leveling work across lines of length
10 km, for example. A vector of true heights =, was given,
and random noise on the interval of [—0.05, +0.05] m was
sampled to determine a “known bias vector” B,, which was
added to the true heights to obtain biased heights =, i.e.,
Zy = &, + B,. Thus, the simulated bias level added to
the true heights is about two and a half times larger than the
simulated measurement noise. The biased heights = o were
used as initial approximations in the formulas for the four
estimators. Their numerical values, along with those of the
simulated observations, are shown exactly in Tables 1 and 2,
respectively. It is noted that the norm of the simulated height
bias is || ,]| = 0.0650 m.
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Table 2 Observations in meters: true, simulated, additive noise

Obs. From — to True Simulated Noise

i P — P, —11.999 —11.9864 0.0126
Y2 P — P 8.998 9.0142 0.0162
V3 P, — P 20.997 20.9821 —0.0149
V4 P, —> P —10.922 —10.9055 0.0165
Vs Py — P —31.919 —31.9243 —0.0053

Table 3 Number of selection matrices Sy for each paring of case
number and number of selected parameters k

Caselk 1 2 3 4 Totals
1 4 0 0 0 4
2 0 6 0 0 6
3 0 0 4 0 4
4 0 0 0 1 1
Totals 4 6 4 1 15

Comments on Numerical Computations The case numbers
are listed in Table 3. Key to our work is the computation
of norms of various bias quantities. We define computed
bias as p = E* stands for the esti-
mated parameters provided by either Partial MINOLESS (é ),

BLIMPBE (), BLIMPBE’s twin (£), or MINOLESS (£),
and Z', stands for the true parameters as noted above. Note
that uppercase = is used to denote full parameter quantities,
while lowercase & denotes incremental quantities in the case
of linearization.

It is important to recall that the biased heights & were
used as initial approximations in the various formulas for
the four estimators. This is relevant because (partial) MINO-
LESS minimizes the norm of the vector of differences
between the initial, approximate and the final, estimated
parameters, according to (8a) and (11a), whereas BLIMPBE
will reproduce the parameters (i.e., the initial approxima-
tions) that are not selected by matrix Sy.

The following list of norms were computed and tabulated
below:

1. 2 = &"Pé being the (P-weighted) sum of squared
residuals, minimized for the LESS by (2);

— &, where &%

2. Bl \/ BT B being the norm of the computed bias
vector;
_ T _ T .
3 ISB1 = JBTSiSB = \/BTSB being the ;-

weighted norm of the computed bias vector;

4. |B|| = /u(BTB) = /tr(BBT) being the norm of
the bias matrix B := —([,, — LA), minimized for
MINOLESS = BLUMBE by (10b);

5. ||Sk B \/tr(BTSkB) being a type of Si-weighted
norm of the bias matrix B := —(I,, — L A);

6. |BSk| = \/tr(BSkBT) being another type of Sk-
weighted norm of the bias matrix B := —(I,, — LA),
minimized for BLIMBPE by (13).
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Table 4 Cases 1-4 for partial MINOLESS

k/i 102 trQg 1B IISkBIIIBI 1Sk Bl 1 BSk| [Sk (i, 1))
1/1 0.464 2.250 0.058 0.040 2.000 1 2.000 [1,0,0,0]
1/1 0.464 1.750 0.052 0.022 2.000 1  2.000 [0,1,0,0]
1/1 0.464 1.750 0.016 0.005 2.000 1 2.000 [0,0,1,0]
1/1 0.464 2.250 0.078 0.046 2.000 1 2.000 [0,0,0,1]
2/2 0.464 1.375 0.055 0.045 1.414 1 1.414 [1,1,0,0]
2/2 0.464 1.375 0.029 0.027 1.414 1 1.414 [1,0,1,0]
2/2 0.464 1.250 0.018 0.015 1.414 1 1.414 [1,0,0,1]
2/2 0.464 1.250 0.026 0.012 1.414 1 1.414 [0,1,1,0]
2/2 0.464 1.375 0.020 0.017 1.414 1 1.414 [0,1,0,1]
2/2 0.464 1.375 0.044 0.036 1.414 1 1.414 [0,0,1,1]
3/3 0.464 1.139 0.036 0.035 1.155 1 1.155 [1,1,1,0]
3/3 0.464 1.083 0.018 0.017 1.155 1 1.155 [1,1,0,1]
3/3 0.464 1.083 0.017 0.016 1.155 1 1.155 [1,0,1,1]
3/3 0.464 1.139 0.019 0.017 1.155 1 1.155 [0,1,1,1]
4/3 0.464 1.000 0.016 0.016 1.000 1 1.000 [1,1,1,1]
In column 1, T denotes rk(S; N). Note that | Bl = | BS|| = /m/k

for this estimator. The MINOLESS appears for k = 4, = 3

Table 5 Cases 1-4 for BLIMPBE

k/t I8l Isksl 1Bl

1/1 6.825 0.056 0.023
1/1 4.829 0.062 0.007
1/1 7.212 0.065 0.003
1/1 2.628 0.046 0.003
2/2 2.407 0.051 0.020
2/2 6.804 0.057 0.024
2/2 2.043 0.032 0.023
2/2 4.820 0.062 0.011
2/2 2.016 0.041 0.008
2/210.479 0.055 0.030
3/3 0.464 0.078 0.063
3/3 0.464 0.016 0.016
3/3 0.464 0.052 0.047
3/3 0.464 0.058 0.041

473 0.464 0.016 0.016

10%-02 trQg 1Sk B | BSk|l [Sk(i,4)]

0.500
0.333
0.333
0.500
1.000
1.000
1.000
0.750
1.000
1.000
2.250
1.750
1.750
2.250
1.000

1.871
1.826
1.826
1.871
1.789
1.789
1.732
1.732
1.789
1.789
2.000
2.000
2.000
2.000

1.000

0.707
0.577
0.577
0.707
1.095
1.095
1.000
1.000
1.095
1.095
1.732
1.732
1.732
1.732
1.000

SRR oo o R R Hooow

RO R R ORROOR OO

e e] R =) =)

HOOOO OO0 OoOOoO oo 00
RO RROROROlORO

[
Pl

In column 1, } denotes rk(Si N ). Note that §2 reveals that BLIMPBE is
a LESS when k > 3 = ¢, and hence identical to its twin

While we list numerical values of all of these norms for all
the computed estimates and for all cases of selection matrices
Sk below, we note again that only the norms listed in items
1,4, and 6 were actually minimized for particular estimators.

Comments on Numerical Results Tables 4, 5, and 6 list rele-
vant quantities computed using the four estimators of interest
for each case listed in Table 3, where these abbreviations
are used in the column labels: Q¢+ = o =2 . D{&*} for the
trace of the cofactor matrix of the estimated parameters, and
+ stands in for rk(S; V).

There are a number of noteworthy observations to be
made from Tables 4, 5, and 6. A few are enumerated here,
with some associated entries highlighted in the tables.

1. It was confirmed that the matrix norm ||BSk|| =
\/tr(BSkBT), with bias matrix B, turned out to be
smaller for BLIMPBE and its twin than for partial
MINOLESS for all cases and instances of Sy, k < m;
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Table 6 Cases 1-4 for BLIMPBE’s twin
B8l I1sesll 1B

0.065 0.039
0.062
0.065
0.046
0.051
0.069
0.032
0.062
0.043
0.054
0.078
0.016
0.052
0.058

0.016 0.016

k[t 10°02 trQg 1Sk Bl 1 BSkll [Sk (i, )]

1/1 7.357
1/1 4.829
1/1 7.212
1/1 2.693
2.645
7.580
2.043
4.820
2.206
0.480
0.464
0.464
0.464
0.464
0.464

0.556
0.333
0.333
0.556
1.082
1.082
1.000
0.750
1.082
1.082
2.250
1.750
1.750
2.250
1.000

2.000
1.826
1.826
2.000
1.980
1.980
1.732
1.732
1.980
1.980
2.000
2.000
2.000
2.000

1.000

1.000
0.577
0.577
1.000

HlRFROR RO OROIORLR OO

Hi= = OlR R OO OROOO

HlRFOR R OFRFROOROCORO

—
o
(=
o
HOOOO OO o000
HOFRMFEFEF OOORMFHFEIOOOR

=

In column 1, 1 denotes rk(Sx V). Note that §2 reveals that BLIMPBE’s
twin is a LESS when k > 3 = ¢, and hence identical to BLIMPBE
itself

however, the same cannot be said about the corresponding
bias vectors § = BE.

2. Interestingly, the square of the norm, || BSi||?, turns out
to be an integer that depends on the number of selected
parameters k and, in the case of BLIMPBE and its
twin, the rank of matrix Sy N, but in the case of partial
MINOLESS, the dimension of N. The following relations
hold:

(a) For BLIMPBE (and its twin):
) k—r1k(SkN) fork>1k(SiN)
[ BSk|I* = .
0 otherwise

This property is even more apparent in investigations
by the authors involving a 2D-network, where cases
1/, 2/, and 3’ were not empty sets and where a larger
datum deficiency allowed for a greater range of k
beyond rk(Sx N).

(b) For partial MINOLESS: k - |BSt||> = m, with
dim(N) = m. However, we did not find this to be the
case in the 2D-network mentioned in the preceding

item. Note also that |B| = | BSk||, but this may
be an artifact of our example problem, rather than a
general rule. Also note that || Sy B|| = 1 everywhere,

independent of the number of selected parameters k.
3. The values for the SSR, §2, appearing in the last five
rows of all three tables reveal that both BLIMPBE and
BLIMPBE'’s twin yield least-squares solutions when the
rank condition (14a) is satisfied, which is certainly as
expected. Moreover, the tables reveal that partial MINO-
LESS has the smallest trace of cofactor matrix, resp.
dispersion matrix for §* (partial BLESS) and the smallest
norm of bias matrix ||B|| in these cases, showing that

B. Schaffrin and K. Snow

both BLUMBE criteria (10b) and (10c) were fulfilled
whenever rk(Sy N) = g = 3.

4. The following relationships can be seen from careful
inspection of the tables:
(a) tr OpLivpBE < tr Qtwin < tr QparMiNOLESS if K < g =

3.

(®) EprivpeE = & wins BeLiMpBE = Buwins €t. if & > g =
3.

(©) [I1BsLvpeell < |Bewinlls | BeLvpsell < || Buwin |, ete. if
k<qg=3.

(d) || Sk B|lsLivper smaller whenever k gets smaller (k <
q = 3).

5 Conclusions and Outlook

We have summarized the properties of some commonly
used estimators for estimating parameters in a rank-deficient
Gauss-Markov Model, with particular focus on their use-
fulness in the presence of bias induced by treatment of the
rank (datum) deficiency via a selection matrix Sx. Some
known properties of both partial MINOLESS and BLIMPBE
were confirmed numerically, and a host of perhaps not so
well known characteristics where enumerated above. Further
studies should reveal, which, if any, of these characteristics
can be expected for network adjustments in general.

It was also made obvious through the numerical example,
that the minimization of the bias matrix B := —([,, — LA)
does not imply that the corresponding bias vector § = Bé&
will be a minimum, an important truth to keep in mind
when considering which estimator to use for a particular
problem.

There are still open questions, as our study does not yet
allow us to make definitive statements regarding preference
of estimator for any particular cases. We do believe the
subject warrants further research, and hope that similar
studies involving classical 2D- and 3D-networks might shed
more light on the matter. In fact, they are already under-
way.
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Abstract

The two layers inverse gravimetric problem is to determine the shape of the two layers in a
body B, generating a given gravitational potential in the exterior of B. If the constant density
of the two layers is given, the problem is reduced to the determination of the geometry of
the interface between the two. The problem is known to be ill posed and therefore it needs
a regularization, that for instance could have the form of the optimization of a Tikhonov
functional. In this paper it is discussed why neither L> nor H'? are acceptable choices,
the former giving too rough solutions, the latter too smooth. The intermediate Banach
space of functions of Bounded Variation is proposed as a good solution space to allow
for discontinuities, but not too wild oscillations of the interface. The problem is analyzed
by standard variational techniques and existence of the optimal solution is proved.

Keywords
Bounded variation functions - Inverse gravimetric problem - Regularization methods

we will work on the problem when the reference field is
1 Introduction to the Problem considered as parallel and opposed to the verse of the z

axis of the Cartesian system in which we frame the prob-
The inverse gravimetric problem is to determine the mass lem.
distribution in a body B from the known gravity potential The two layers (see Fig.1) are the upper layer,
in the complementary region 2 = BS. As it is well —(H +8H)<Z <—H, and the lower layer —H_ <
known the problem is undetermined (Sanso 2014; Ballani Z < —(H + § H) with densities respectively p4 and p—; we
and Stromeyer 1982) and it is generally solved by restrict- Will call §p = p4 — p_ the density contrast and . = Gdp,
ing the space where a solution can be sought. One typi- with G the universal gravitational constant. Always referring
cal model that, under suitable hypotheses on the regular- 0 Fig. 1, we will assume that the interface S between the
ity of the surfaces involved (Barzaghi and Sansd 1986; tWolayers,{z = —(H +8H (x))}, is agreeing with the plane
Isakov 1990), implies the uniqueness of the solution, is 12z = —H} outside the support C, that is a bounded set on
that of a body B consisting by two layers, each of known the horizontal plane. Moreover, we will set the hypothesis
constant density. This can be considered as a perturba- that S has to be constrained, to stay in depth within
tion of a larger known gravity field that acts as refer- the layer —H_ <z<—H,, for geophysical/geological

ence and imposes the main direction of the vector g. Here ~reasons. We will simplify this constraint by assuming
that

M. Capponi - F. Sansd SH <L eC, L=max(—H +H,-H+H_
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Fig. 1 The two layers problem
in a Cartesian reference; p4- is
the density of the upper layer, p— z
that of the lower layer; the
surface S, that can have sharp

M. Capponi et al.

9r

discontinuities, in the plane z=0
z = —H but for the set C on
whichz =—(H +§H); S is
constrained to stay in the layer -H,

{—-H_<z<—H4}

analysis though not essential. Note that, above —H and
below —H_, we suppose no masses at all, meaning that
their gravitational effect has already be removed from
8o (X).

Just to make an example where such hypothesis are
meaningful, one can consider z = 0 as the surface of (or
a piece of) the sea, the plane {z = —H} as the sea floor,
the upper layer as constituted by sediments while the lower
layer by the bedrock. Of course we could complicate this
model by assuming that { = —H4} and {7z = —H_}
are surfaces with a different (known) shape, but since this
would not alter the mathematical properties of the problem
we analyse, we prefer to stay with the present simple hypoth-
esis.

Starting from g,, by subtracting to it a reference value
grer (i.e. the normal gravity field evaluated in the same
observation point) and the two Bouguer plates ggo,g (With
densities p4 between —H; and —H and p_ between
—H and —H_), we are left with the following linearized
observation equation

8g = 8o — 8ref — &Boug = _8g - €. (D

We call g the reduced gravity disturbance generated by
the body enclosed between S and z = —H, with density
dp where SH < 0 and —8p where §H > 0. Let us
notice that the choice of the functional §g as observable is
by no means obliged: we could choose in fact any other
functional of the anomalous field that uniquely determines
itself in the harmonicity domain Ri = 7z > 0 (Sanso et al.
2018).

One advantage of the above model is that the forward
operator computing §g from § H, namely

8¢ = F(8H), 2)

can be explicitly written in its exact non linear form, as

—(H+38H) ¢
e — /C ws [ . it = FGH) (3)

x— g+ 2P

1 1

Foit = [ e gy st~ gty e

Summarizing we have a first provisory formulation of the
problem: to find § H satisfying the constraints

SH(E)=0 E£eC’,

BHE)| <L eC @
and the observation equation
S¢ = F(SH). )

An important remark should be added about the domain
C: as a matter of fact no real gravity map can suggest, or
even more prove, that a certain gravity datum is generated
be an isolated anomaly in the layers interface. Nevertheless,
it is costumacy in applied geophysics to look for bounded
anomalies, supposing that data outside the examined region
do depends from other causes. So the extent of the region
C is somehow dictated by the targets and experience of the
analyst.

It is perfectly known that the problem formulated as
written above is improperly posed according to Tikhonov
(Sanso et al. 2018). This means that for any reasonable
space X on which §H can vary and Y, to which we
expect 8¢ to belong, the operator F(§ H) has not a contin-
uous inverse because, to invert it, we need first to down-
ward continue §g to S or to {z = —H} and this is
a (linear) strongly discontinuous operation (Sanso et al.
2018).
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Rather than solving the inverse of Eq. (5), the problem is
reformulated in order to find its approximate (regularized)
solution by minimizing a Tikhonov functional (Tikhonov
et al. 2013; Tikhonov and Arsenin 1977)

T(6H) = ||6g — F(H)lly +AJ(§H): (6)
the choice of the space Y and of the stabilizing functional

J (8 H) (actually of the space X to which § H has to belong)
is the object of next section.

2 Choice of the Tikhonov Functional

We start the discussion by the choice of the regularizing
functional J(8H). Often, though not always, J(6H) is
chosen as the norm of the space X of the unknown function
S H . In our case, we could figure to set the space X equal to
L? or H'?. However in our opinion X = H 7, for whatever
p > 1, is not satisfactory because X = H!!, which is
the largest of these spaces, can not accommodate sharply
discontinuous functions and produces too smooth surfaces
(see Fig. 2 case c). The reason why we would like to admit
surfaces S that have jumps is because this is in general a
salient characteristic of true geological mass distributions.
On the other hand, the hypothesis X = L7 is instead too
week to get a proper regularization of the problem (see
Fig. 2 case a). As a matter of fact, in literature even stronger
regularizations are used, for instance X = H 22 (see Richter
2016); however in our opinion this implies a quite unnatural
smoothing of S. So, we are looking for a space, possibly a
Banach space, to apply standard variational techniques, that
is intermediate between H'!(R?) and L'(R?) (see Fig.2
case b).

A space of this kind can be the space of the so called
Bounded Variation (BV) functions, as proposed by Ennio De
Giorgi (see Giusti and Williams 1984), and already used in
geophysical literature (see Acar and Vogel 1994).

Let us here recall the definition of BV and its relevant
properties, useful for this work.
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Definition 1 We say that f(x) € BV (R?), if

fEL'®). Iflu = [ 1f@lar <o, D

and, after defining a set .7 of test functions as

T ={px) eC'(R), ¢=0inC", |p|<1} (8
we have
Jo(f)=sup/V-q)f(x)d2x<oo. )
0T

We denote as Df the Radon measure such that

/V'(pfdzx:/<p~Dfd2xE<Df,(p> (10)

and we shall further put

Jo(f) = /R IDf v, (a1

Let us observe that since ¢ is identically zero in the open
set C¢ the relation in (11) could be written also in this other
form

n()= [ IDf|dex (12)
C+
where C4 is any open bounded set containing C; in fact C
is the support of the vector measure Df and so also of |Df|.
Finally we define the normed space BV as

feBV = 1A sy = 1f I + Jo(f). (13)
The following propositions are essential in the present work
and we report them here without any proof, that the interested
reader can find in the book (Giusti and Williams 1984).

Proposition1 BV is a Banach space, i.e. Cauchy
sequences { fn} € BV have always a limit f € BV (see

Giusti and Williams 1984, 1.12).

A N

a)

b)

c)

Fig. 2 Qualitative example in planar approximation of solution surfaces obtained from the choice of different J (8 H): (a) case of X = L7, (b)

case of X = BV, (c)case of X = H"!
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Proposition 2 The norm || f ||y is a lower semi-continuous
functional for sequences {f,} bounded in BV and con-
verging to f in L'. Since | f||.1 is obviously continuous
with respect to such a sequence, this means that given

(s Wlsy <cs | fu — fllLy —> O} one has

lim Jo(f4) = Jo(f) , (14
or f € BV too and
lim || fullgv = [1.f 8. (15)

(see Giusti and Williams 1984, 1.9).

Proposition 3 The embedding of BV in L' is (sequentially)
compact, namely given any bounded { f,} € BV, there is
a sub-sequence { f,, } which is Cauchy in L' and therefore
there is an f € L' such that f,, —> f; according to
Proposition 2 then, f € BV too and

| fllgy <lim || f, . (16)

(Giusti and Williams 1984, 1.19).

Proposition 4 Let us consider an f € BV such that
fx) = |fx)| = 0, f(x) = 0in C, and define the
Epigraph of f as usual as

Epi(f) = {(x.2); z=< f(x)}NR*;

let us further define

S = 9Epi(f) N {z > 0} = dEpi(f) N R
B = Epi(f) N R

then, denoting by V (B) the Lebesgue volume of B, by H (S)
the Hausdorff measure of S normalized to coincide with the
Lebesgue measure when f is smooth (see Falconer 1986,
theorem 1.12), |C | the measure of the base set C and by

SO =1+ Jo(f) =11 lsv

one has

jZ(J(f) +IC) < V(B) + H(S) < J(f) +]C]. (IT)

Proof 1t is enough to observe that

[fllr = V(B)
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so that Eq. (17) is the same as

12(Jo(f) FIC) < HS) < Jo(f) +ICl. (18)

V.

On the other hand, when f is sufficiently smooth (implying
that f =0on dC )

1
J

Since |V f| = tan(/), with I the inclination of the area
element of S on the plane (x, y), one has, in this case,

LAHIVSD = VAV <1+|Vf]. (19

H(S) = /C V14 |V fdox.

Then, an integration of Eq. (19) over C proves Eq. (18) when
f is smooth. Finally an approximation of f by a sequence
{fu} € 2 and the use of the density of & in BV (cfr.
Giusti and Williams 1984, Theorem 1.17) completes the
proof. O

The above proposition, provides a geometrical interpre-
tation of our variational principle in that, since |C| is a
constant, when we try to keep small J(f) we equivalently
impose to V(B) and H (S) to be small. In other words we
control the extent and the smoothness of the body B. The
next Example 1, though elementary, is designed to show how
the definition of | Df | and of Jo( f') are capable of accounting
for the lateral surface of S, that is generated when f (x) is
discontinuous through dC.

Example 1 Let us take

h xeC

f(X)th¢>(X)=§O xeC”

then S is in this case as in Fig. 3. It is clear that | Df | = 0 in
C open i.e. the support of the measure | Df | is on the contour
line .. We can write for any ¢ € .7,

fV-q)dszh/V-(pdszh/ ¢-ndl,
R? c L7

where n is the normal in R? to the line .. Then, call i (%)
the length of the contour of C and choose

@(x) = ny (x)
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Fig. 3 The surface S for f asin Example 1;.Z is the trace of the contour line of C; the two bells represent a function ¥ (x) whichis 0 < ¥ (x) < 1

and goesup to 1 on .¥

g

| T N

LA "

a)

b)

Fig. 4 Three interfaces: (a) in L', (b) in BV, (c) in H!! that generate a similar gravity signal on z = 0

with ¢ as in Fig. 3. Assuming that . is regular so that n is
continuous, the above choice is such that ¢ € .7. We find

Jo(f) = sup
peT

/v«pfdzx:hm(.f),

which is in fact the measure of the lateral surface of S, we
see that in this case

hpi(£) + u2(C) = || fllsv

is proved.

As help to the intuition of the discussion of the regularity
of S, we provide in Fig.4 three qualitative examples of
surfaces, one in L', one in BV and one in H ! that generate
quite similar gravity signals on the plane z = 0. As a first
conclusion of this discussion we fix the choice

J(BH) = |6H | v (20)
with the understanding that §H € BV implies that the
interface S between the two layers can be discontinuous,
however its area is bounded and, thanks to the Tikhonov
principle, it should not be too large.

We come now to the choice of Y. Let us observe that a
classical choice for Tikhonov theory would be Y = L?(R?).
However we have to consider that we will look for the

minimum of 7'(§ H), not on the whole Y but just in a subset
K (see (4))

K ={§H measurable; |0H|<Lyc(x)}; (21)
now it is clear that the same K is a subset of all L?, p > 1.
Therefore the choice of p in this case is arbitrary. However
in order to be more homogeneous with the regularizing
functional, we make the choice p = 1, namely we put

T(8H) = 6g — F(6H) |t + AldH |[sv.  (22)
A last remark is that (22) gives a quite classical form of the
Tikhonov functional, which however does not cover the case
of continuous Wiener noise. This in fact is well known to
have no measurable realizations.

3 Existence of the Minimum

We want to propose the following theorem, which is a

classical result in regularization theory (see for example
Freeden and Nashed 2018).

Theorem 1 Let us put

M= inf T@H) (23)
S§HeBVNK
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with T(8H) as in (22), then there isa §H € BV such that

M =T@SH) (24)
namely M is the minimum of T in BV N K.
Proof The proof comes in four steps:
(i) let us call Bg the sphere of radius R in BV, i.e.
Br={6H € BV; |8H|py =R} (25)

of course Br N K is a closed, bounded and convex set
in BV. For any minimizing sequence 6 H, € K,

M =1lim T(§H,) . (26)
we can find an R large enough so that §H € Br N K.
In fact

M <T(0) = [l5gll.- 27)

Would M be equal to 7' (0) the theorem is proved, so
we can assume that M < T'(0). Therefore, for n larger
than a suitable N,

T(8Hy) = |68 — F(§Hy) |1 + AlISHyll sy < 68|11
and so,

n>N,

1681l
SH,| <
LEATE R

(28)

gl
A

b}

and we can choose R =

(ii) according to Proposition 3, B N K is L' compact, so
if 8 H, is a minimizing sequence there is a sub-sequence
that we call again § H, such that

6H, — 6H € BV. (29)

L

Then, according to (16),
I6H ||py < lim ||§H,llpy < R (30)

i.e. 6H € Bpg. Furthermore, from (29), knowing that
a sub-sequence of § H, converges almost everywhere
to 6H, we see that 6H € K (ie. |§H| < Ly.(x)).
Therefore one has §H € Br N K

(iii) let us notice that F(§H) is continuous L' — L!. In
fact, by using Taylor’s theorem, (3) can be written

§H (&) _
[x— &>+ (H + 05H)*]/?’
(3D

FGH) = p /C 4ot

M. Capponi et al.

where 6 is function of € and x, such that 0 < 6 < 1, so
that (H 4+ 65H)* = H?. Then,

IFGEILr = p o do§ BHE)] [ dox oLy s
=1 IBH 1 (32)

namely F is bounded L' — L'. In a similar way one
proves that

|FOH)—FO@H) || < p |8H —8Hal L1, (33)

21 |

Hy
i.e. F is continuous L! — L!;

(iv) since 6 H, is minimizing one has, from (iii) and (30),

M =lim T(8H,) = ||8g — F(SH)| 11 + lim J (§H,)
(34)

I8¢ — F(8H)| 11 + lim J (§ Hy)
> |8g = FEH)| +AJ(8H) =T(H);

on the other hand, since § H € Br N K, one has too

T(H) = M; (35)
with (34) and (35) proving (24).
O

Remark 1 Let us notice that for every A we have a regular-
ized solution § H »; of course this says not so much about the
right choice of A. Yet in this respect it is classical a theorem
in Tikhonov theory claiming that if 7, are decreasing errors
in the “observation” equation §g,,, = ¢ + n, = F(§H) +
N>

8n = Ml — 0, (36)

there is a strategy of A, = A(6,), namely

An > ¢ 8, , (c = constant),
such that the corresponding solutions § H,, admit a sub-
sequence L' converging to the correct solution § H (Bertero
1982; Freeden and Nashed 2018).
4 A Numerical Example
This example has been developed to show how the theory

presented above can lead to a practical solution where data
are, by necessity, discrete and finite in number and the
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solution too has to be restricted to a finite dimensional sub-
space of BV.

It is our purpose: (1) to show how to discretize the
Tikhonov principle with the use of prisms; (2) to see how
the regularized solution depends on the observational noise,
02; (3) to compare the solution foreseen in the paper with
the one obtained with another Tikhonov functional, e.g. by
using

L(H) = |8H |71

T(8H) = ||8g — FGH)|7. + AL(GH),  (37)
and with the one resulting from a simple least squares
solution (which is the discretized version of (37)). In order
to keep the example as simple as possible, we decided
to reduce it to a so called 2; dimensional case, where
the “true” body is constituted by three prisms (see Fig.5)
of length 1km in x, each of them, width 5km in the
y-direction and depth respectively of 1.0km, 1.4km and
0.6 km.

Therefore if we take measurements only along the central
line in the x-direction and on the same time we impose to our
model that the width in y is constant and equal to the correct
value, we have all the information we need, almost as if the
whole picture would be exactly bidimensional. To generate
the exact values of §g we have chosen §p 500kg/m?
which is quite a value considering that §p has the meaning
of a density contrast.

According to the above picture, we will model our
unknown interface S by 12 prisms (see Fig. 5), with bases of
length 0.25 km in x, width 5km in y as we said and unknown
depth z —H; (k = 1,2...12). The 36 observations
simulated in this example, are evenly distributed on a grid
on the x-axis with an inter-distance of 0.1 km, so as to
have three more observation points at each side of the body,
along x.
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If we call, By, kK = 1,2...12, the bases of the model
prisms we can write

12
8g(x) =Y Fr(8Hy:x)

k=1

where

Fie(x) = /L/B do§ { [x

Please note that in this context instead of using § Hy
H; — H as unknown, we are using the whole Hj. For this
reason, when coming to discretization of [ |§H| d»§, to be
close to the theory developed, we discretize the regularizing
functionals by the formulas

1

I ] M

12

> |He —my|

k=1

12

> |He —mpl?

k=1

or

where

12

myg = 2 Z Hk.
k=1

So we start now by first generating 36 exact values §g(x;),
1,2...36, and then we add to them Gaussian inde-
pendent noises v; once drown from N (0; 1 mGal?) and in
a second case from N (0; 4 mGalZ).

The optimization is then done with the discretized
Tikhonov functional

i =

36 12

Ti(Hy) = ) 1880(x)— Y Fi(Hi; x:)|+AJi(Hy). (39)

i=1 k=1

Here a comment is required: as we can see, the discretization
of the BV norm is done with the L' term already discretized

z
100 m
b X
X X XXKNX S B0 O 0 I8 TR S e S e S G KEXI“ W e e M e M NP X
E - 3
®
S| Hy(x)
S |i
il )
Vi
- c 'y
250 m S
s, By,

Fig. 5 The three prisms section constituting the “true” body of the numerical example and the simulated observation points on a regular grid set

at z = 0 (red crosses)
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and with the incremental term

11

> | Hi1 — Hl.

k=1

According to our Example 1, this term, proportional to the
lateral surfaces of the whole set of prisms, is also propor-
tional to the measure of the lateral surfaces of S, which
is (so to say) the discretized version of [ |DH| d»&. Now
we might observe that (39) could also be considered as a
discretization of a Tikhonov principle regularized by the
functional ||§ H || g1.1. This is in fact the case and it means
that when we come to a discretized numerical computation,
the two cases SH € BV and §H € H'! cannot be
distinguished. This indeed does not cancel the theoretical
characteristics of the two, discussed in the paper. As for the
value of A to be used in (39) we have chosen, in analogy
with the L? theory, and its stochastic interpretation (Sansd
1986),

01

A= .
: JI(Stheo)

(40)

The results are displayed in terms of observations &g, (x;)
and interpolated function §¢(x) as well as theoretical H (x)
and estimated H (x), once with a noise of 0, = 1mGal,
in Fig.6a, and then with a noise of 0, = 2mGal, in
Fig. 6b. As it can be observed, the proposed regularization

0 T T T T T T T
o
5t a o
— b 1f
@ Q 0?
L) t/
E -10f be o
o B _c,-tf
15} g -3
R Pcr.ofnaa - pe-’qA" - @ -obs
¥ ~BV sol
20 : . : . : : :
-2000 -1500 -1000 -500 0 500 1000 1500 2000
X [m]
-500 - ——
o -e So-p-
1
1
_ i 7N o
E..1000} -0 g 0= -br i
N %, f
1y n
N N
I I
i —e_ /1 - = -true
LSO g g +—BV sol
1500 ? A i : ; i T
-2000 -1500 -1000 -500 0 500 1000 1500 2000
x [m]
a)
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is stable, having a similar behavior with the two noise
realizations.

A second numerical check, was aimed to the comparison
of H, (x), derived by minimizing 77 (Hy ), with H, (x) derived
by minimizing

36 12
Ty(He) = 18g0(xi) — Y Fi(Hi: x0) 2 + AJ2(H),
i=1 k=1 (41)
12 11
D(Hy) = ) (He —mu)* + ) (Hi1 — Hi)>. (42)

k=1 k=1

In this case A has been chosen to be

2
v

AZ J: Z(Htrue)

Furthermore a second comparison is done with I:I()(X)
derived by a simple least squares criterion, namely by
minimizing 7> (Hy) after we have put A = 0. The results
are displayed in Fig.7. The conclusions that can be drawn
from this small numerical experiment are:

1. the proposed method seems to give in all cases reasonable
results, fitting quite well the real shape of the interface
(standard deviations of the differences between real and

0 3 T T T T T T T
\ OD‘D
5 ' 1
5t \ ¥ 1
= % §
3 \ ?
i 3 R/ 4
E-10 hq e ‘:.-
o ‘0 -
© we ae¥0
A5t L . R 8_8*
q Peg b\u‘-’-q "'B' - e -obs
\roow
ol . ) 9" ) i ) ) .B\t" sol
-2000 -1500 -1000 -500 0 500 1000 1500 2000
X [m]
-500 —pro——
-0 S0 - o= 0
' 4
]
B ]
£ 1000} -e-0=B: -0, ) 1
N o | A
1 1
K /!
) : - - ~true
o0~ -0 -9 - “— BV sol
-2000 -1500 -1000 -500 0 500 1000 1500 2000

b)

Fig. 6 Observed values and interpolating function §g(x) and below the true interface § H (x) and estimated § A (x): (a) case with 0, = 1 mGal;

(b) case with g, = 2mGal
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Fig. 7 Comparison between different regularizations: Hy the Ls. solution (no regularization), A, the BV (or H'1) solution, A, the H'? solution

estimated depths are 125m and 158 m respectively for
Fig. 6a, b);

2. the comparison with the least squares solution H, shows
that this last one is typically less stable than H, (standard
deviations for least squares solutions are 419m and 454 m
respectively for Fig. 7a, b);

3. the comparison between Vil 1 and Hz shows that, at least
for the presented simple experiment, the first one per-
forms better than the second both in terms of gravity
signal fitting and depths estimation (standard deviations
for H, solutions are 519m and 481 m respectively for
Fig.7a, b).

To measure quantitatively the quality of our results, the
differences between the three solutions (HO, H 1 Hz) with
respect to the true surface have been analyzed. In details
the previous experiment has been repeated ten times with
different noise realizations (with o, = 1 mGal). Results are
reported in Fig.8 where it can be seen that the behaviour
(and the consequent conclusions drawn for the single real-
ization presented in Figs.6 and 7) are systematic. In par-
ticular, it can be noticed that the rmse of the differences
of depths estimates by means of BV regularization results
to be always the smallest one as well as the std. The same

consideration can be done also looking at the minimum and
maximum values, which means that the solution obtained
by using BV regularization is the closest to the reality. All
these statistics, confirm the goodness of the method and
the effective improvement with respect to the two other
solutions.

5 Conclusions

The inverse gravimetric problem, in a certain frame with a
two layers configuration has been discussed. In particular, the
meaning of a Tikhonov regularization has been analyzed in
terms of prior requirements on the regularity of the interface
S. A reasonable choice has been to put the condition that
8H € BV, namely that S has a finite and possibly small
area. A theorem of existence of the solution of the corre-
sponding variational principle has been proved. A numerical
example, though very simple, seem to indicate that the fore-
sought properties of the BV solution are in fact found and
they seem to give better results than a no-regularization
solution, or a stronger regularization solution, at least in an
averaged sense.
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Fig. 8 Statistical analysis of the
differences of the three solutions
with respect to the true surface:

M. Capponi et al.

—+—no reg sol
——H"2 g0

(Hy — ﬁo,k) the 1.s. solution in
black, (Hy — ﬁl,k) the BV (or
H") solution in green,

T T T T T , e BV sol

(Hy — I-Alz,k) the H "2 solution in
red
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Abstract

In this paper, the three kind of solutions of TLS problem, the common solution by
singular value decomposition (SVD), the iteration solution and Partial-EI'V model are firstly
reviewed with respect to their advantages and disadvantages. Then a newly developed
Converted Total Least Squares (CTLS) dealing with the errors-in-variables (EIV) model
is introduced. The basic idea of CTLS has been proposed by the authors in 2010, which is
to take the stochastic design matrix elements as virtual observations, and to transform the
TLS problem into a traditional Least Squares problem. This new method has the advantages
that it cannot only easily consider the weight of observations and the weight of stochastic
design matrix, but also deal with TLS problem without complicated iteration processing, if
the suitable approximates of parameters are available, which enriches the TLS algorithm
and solves the bottleneck restricting the application of TLS solutions. CTLS method,
together with all the three TLS models reviewed here has been successfully integrated
in our coordinate transformation programs and verified with the real case study of 6-
parameters Affine coordinate transformation. Furthermore, the comparison and connection
of this notable CLTS method and estimation of Gauss-Helmert model are also discussed in
detail with applications of coordinate transformations.

Keywords

Converted TLS - Errors-In-Variables (EIV) - Gauss-Helmert model - Total Least Squares
(TLS) - Virtual observation

one century ago. Kendall and Stuart (1969) described this
problem as structural relationship model models. In geodetic
application this method was discussed by Koch (2002) and

1 Introduction

Total Least Squares (TLS) is a method of fitting that is
appropriate when there are errors in both the observation
vector and in the design matrix in computational mathe-
matics and engineering, which is also referred as Errors-
In-Variables (EIV) modelling or orthogonal regression in
the statistical community. The TLS/EIV principle studied
by Adcock (1878) and Pearson (1901) already more than
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studied recently by Schaffrin (2005). How to obtain the best
parameter estimation values and give the statistical informa-
tion of parameters in the EIV model is not ‘perfectly’ solved.
Nevertheless, the EIV model is still becoming increasingly
widespread in remote sensing (Felus and Schaffrin 2005)
and geodetic datum transformation (Schaffrin and Felus
2005, 2008; Schaffrin and Wieser 2008; Akyilmaz 2007; Cai
and Grafarend 2009; Shen et al. 2011;Amiri-Simkooeil and
Jazaeri 2012).

In 1980, the mathematical structure of TLS was
completed by Golub and Van Loan (1980), who gave the
first numerically stable algorithm based on matrix singular
value decomposition. With the rapid development of the
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numerical method over the last decade, various approach for
TLS emerged. These include singular value decomposition
(SVD), the completely orthogonal approach, the Cholesky
decomposition approach, the iterative approach, and so on
(Van Huffel and Zha 1993; Van Huffel and Vandewalle 1991;
Van Huffel and Lemmerling 2002; Schaffrin 2003),the most
representative of which are the SVD and iterative solutions.
However, there are some problems in the both methods. In
the SVD method, some elements of design matrix may be
non-stochastic, or some elements containing errors could
appear more than once. To perform the minimum norm
constraint without this consideration is inappropriate and
may result in large deviations. By the Iteration method, since
the iteration is the gradual approximation of the true value of
parameter, iteration solutions can be a problem if there is a
high degree of nonlinearity. In addition, this method has also
the problem by the repetition of parameters in design matrix.

Recent years, a further method reformed from EIV model
called Partial-EIV has a relative good solution to this kind
of problems (Xu et al. 2012; Wang et al. 2016). However,
almost all the Partial-EIV models focus on the calculation
with iterations, which makes the mathematical algorithm
very complicate. According to the research results by Yao
et al. (2010), one method called Converted Total Least
Squares (CTLS) was developed since 2010. This method
can perform the processes with just one step iteration (i.e.,
proper approximates estimated by LS) and at the same time
solve the problem by the repetition of elements and the non-
stochastic elements containing errors in design matrix. In
the bachelor thesis by Dong (2017), the CTLS method was
also systematically introduced and applied to the coordinate
transformation in Baden-Wiirttemberg together with other
three estimators.

In this paper, based on a short review of TLS and EIV
model, CTLS method will be described in detail in Sect. 2. In
the following Sect. 3, CTLS, together with all the three TLS
models reviewed here has been successfully integrated in
6-parameters Affine coordinate transformation and verified
with the real case study of 131 BWREF points in Baden-
Wiirttemberg, Germany. As a comparison in Sect. 4, the
transformation parameters estimated by LS, TLS (SVD),
Partial-EIV model and CTLS will be represented and dis-
cussed. Furthermore, in Sect. 5 the comparison and connec-
tion of this notable CLTS method and estimation of Gauss-
Helmert model are also discussed in detail with applications
of coordinate transformations. The conclusions and further
studies are presented in the last section.

J.Caietal.
2 Converted Total Least Squares

2.1 The Derivation of Converted Total Least

Squares

The Total Least Squares Estimator (TLS) or Errors-In-
Variables (EIV) modelling

(y—e)=(A—Ea) &
E{[(vecEa),e]} = 0,C{vecEs, e} =0,
D{e} =X ® an D{VeCEA} =2® Qa

1)

The Total Least Squares Euler-Lagrange Approach for
Qy = Q, = I, is according to the criteria
e’e+ (vecEx)” (vecE4) = min (e, Ey, §) . 2)
The Converted Total Least Squares (CTLS) is proposed
to deal with the errors-in-variables (EIV) model. Firstly,
we take classic Gauss-Markov model as basis observation
equation.
y=A§ +ey. 3)
Taking into account the design matrix’s stochastic errors
in model (1) will lead to difficulties for the parameter
estimation and accuracy assessment. Particularly, one cannot
apply the traditional error propagation law directly, since the
law is established based on linear relations. The basic idea
of CTLS is to take the stochastic design matrix elements
as virtual observations. Based on the original observation
Eq. (1), the number of observation equation is augmented
by taking the design matrix elements as new observation
vector, and some of the design matrix elements are estimated
as parameters in the new approach. The advantage of such
strategy is the ability to estimate these required parame-
ters, where the design matrix is constructed by the initial
value of design matrix parameters, which has no longer
random properties. The estimated parameters are the linear
functions of the observation vector. After this treatment,
Eq. (3) can be solved with the classical LS adjustment
theory.
Augmenting the observation equations that take function-
ally independent random elements of design matrix elements
as virtual observation based on the original error equation.

Ya = §, + €a, 4)
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where y, is comprised of the design matrix elements that
contain errors, and &, is comprised of the new parameters.

With the combination of observation Egs. (1) and (2), a
new mathematical observation model can be obtained:

Ya = Ea + e

Note that y, contains only the observations of design
matrix. To distinguish the design matrix in the original model
the symbol A; is used to denote the design matrix in (1),
which consists of the initial value of parameters §, and other
elements of design matrix without errors.

Based on the above model and according to our previous
research results (Yao et al. 2010) we can get the following
derivations:

ey = (Ag +EA) (E° + Ak) —y
= AJAE + EAE’ + AJE" —y + EAAE - EAAE~ 0
= AfAE +BAa+ A —y

_eazga_ya
= (a’+ Aa) —y,
=Aa+ (a’—ya)

(6)

Where E, is composed of Aa, the corrections to the new
parameters, and BAa is the rewritten form of EAEO. The
conversion of E5£° to BAa is the key step for this approach,
where the vectorization of matrix product equation

Bx = (x" ®I)vec(B)

n-te-l n®np np-l
is applied. is composed of non-stochastic elements in the
design matrix and the initial value a°. In addition, the first
equation of (6) ignores second-order item Ej A§ under the
condition that the approximate values Ag and £° are suffi-
ciently close to Ag and g, respectively. This leads to avoid
the further iteration. Actually this condition can be satisfied
in the case of estimation of the similar or affine coordinate
transformation parameters, where the suitable approximates
are provider by normal LS, more detail refer to Sect. 3.

Define
_ A0g0 0
- y Aig A, = AEB ’
Ya—a 01

7
An = Ag e, = | & "
M= laal "~ e,
The new observations (6) can be represented as
z=A,An +e, 3)
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with the new weight matrix or the variance-covariance matrix

[Py 0 _ [P0
PZ_I:OPa:|’OrZZ_Uz°|:0 P! )

where e,is the residual vector of all observations, A,is
the new design matrix, formed by the initial values of the
parameters, and Amn is comprised of the corrections to all
parameters.

The estimation criterion is still to get the minimum of the
residual sums of the squares:

e/Pe, = eyTPyey + eI'P,e, — min (10)

With these derivations and condition, the TLS problem
is successfully converted into the classical LS problem. The
estimation can be completed by following the classical LS
principle (10) and with considering the weights or variance-
covariances of observations and virtual observations by:

-1
Af = (A,{P,An) ATP,z )
subject to the related dispersion matrix
- 2 (AT -
D{AR} =X, = on(AYI PZA,,) . (12)

2.2 Estimation Formula of Unit Weight

Variance

Normally, the estimation formula of unit weight variance of
the TLS is difficult to determine. In considering the design
matrix errors, the question of whether or not the degree of
freedom for adjustment model changes arises. As we have
described in Sect. 2.1, the TLS problem is converted into a
classical LS problem. With the estimator (11) the correction
of observations and virtual observations can be also derived:
e, = A, A\ —z. (13)

And the statistics for accuracy assessment, such as unit
weight variance for CTLS can be straightforward estimated:
2 ér'pLe, é'pLe,

OZO_(n—i—u)—(m—i—u):n—m' {14

where n is the number of original observations that the
observation vector y contains, « is the number of functionally
independent random elements in the design matrix A. m is
the number of unknown parameters, here only the number
of original parameters in model (3). The estimation of the
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variance-covariance matrix can further achieved by

A 2 (T -1
0 =062 (A,| PZA,,) . (15)

This approach of CTLS provides not only one practical
solution of TLS problems, but also the estimation of unit
weight and variance-covariance matrix of original and virtual
observation, which achieves one successful integration of the
TLS theory with the classical LS approach.

3 Implementation of CTLS Method
to 2-D 6-Parameter Affine
Transformation

In the most applications of the plane transformation the
6-parameter affine models is applied and are also recom-
mended by the Surveying Authorities of the States of the
Federal Republic of Germany (AdV). Here the new CTLS
method will be implemented to the 6-parameter affine trans-
formation model in order to estimate the parameters of the
plane transformation parameters based on one real case study
with 131 collocated points in Baden-Wiirttemberg.

With the planar affine transformation, where six param-
eters are to be determined, both coordinate directions are
rotated with respect to two different angles o and B, so that
not only the distances and the angles are distorted, but usually
also the original orthogonality of the axes of coordinates
is lost. An affine transformation preserves collinearity and
ratios of distances. While an affine transformation preserves
proportions on lines, it does not necessarily preserve angles
or lengths.

The 6-parameter affine transformation model between
any two plane coordinates systems, e.g. from Gauf3-Krueger
coordinate (H, R) in DHDN (G) directly to the UTM-
Coordinate (N, E) in ETRS89 (Cai and Grafarend 2009) can
be written as

N| |[mpgcosa —mpgsinf | H Iy
[E}_[mHsinoc chosB}[R}—i_[tE} (16)

where ty and fg are translation parameters; o and B are
rotation parameters; my and mpy are scale corrections.

We apply here TLS solutions to the centralized 6-
parameter affine transformation model where the translation
parameters are vanished. Let rewrite the 6-parameter affine

J.Caietal.

transformation in 6 parameters as

N| _ [mgcosa —mpsinB | [ H N
E | | mysina mpgcosp R + te (17)

gl
x| R &
Then the observations and old coordinates are centered
around their average values in the form:

HEIEHIAE

N =N —mean(N), E = E —mean(E)
H = H —mean(H), R= R—mean(R)

(18)

with

For the n couple of coordinates we have an empirically
suited representation of affine transformation model con-
structed in the form of observation model (3)

N, H, R, 0 0
R
N H R 0 0 .

E n =F mon 19
E, 0 0 Hy R, £ 19
E, 0 0 H, R,

According to the CTLS model (6) we have the correspond
matrixes for 6-parameter affine transformation model

CAH, AR, 0 0 7]

AH, AR, 0 0

Ey, = ’
(2nx2n) 0 0 AH, AR,
0 0 AH,AR,_
(20)
CAH
0 .
A i
£ = 3 Aa = n
(4x1) 5%)2 @nx1) AR,
b%) :
| AR, |
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The key step here is to convert EA£° to BAa

E t’ = BAa = ([5?1 E&] ® In) Aa

& &
where
& S&}
B = ®I, =
2nX2n I:S?Z 32
(&L, 0 0 &) 0 07

0.0 0 .0
0 0¢)0 08,
&, 0 08,00

0.0 0 .0
L0 0&, 0 0&,]

The estimate of CTLS is (11)

Aj = (AT PZA,,)_IA,{ P.z.

Fig. 1 Horizontal residuals after
6-Parameter Affine
transformation in
Baden-Wiirttemberg Network
with LS method

ey

(22)

(23)

7.5
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The solution A% is a (2n + 4) x 1 vector. The first four
elements of A1 are the corrections of § and the following 2n
elements are the corrections of a, which are the independent
corrections for the initial design matrix A. The final estimate
of transformation parameters are é =§'+ Ag and §a =a=
a%+ Aa, where EO are calculated from the classic LS solution
of (3).

4 Comparison and Analysis
of the Results with CTLS and Other
TLS Methods

Through the TLS solution where the errors in the design
matrix A are considered the remaining transformation coor-
dinate residuals of collocated DHDN points in B-W are
reduced from 12 cm to 4 cm (Fig. 1), which are illustrated
in Fig. 2 in comparison with Fig. 1 in detail. The statistics
of these residual in comparison with LS methods are listed
in Table 1. The following statistical terms shows us the
difference between the quadratics sums of the residuals
é{ s€rs related LS and é; 1 s€rrs related TLS, together with

2D-affine transformation GK (DHDN)-UTM (ETRS89) with LS
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Fig. 2 Horizontal residuals after

6-Parameter Affine 7.5
transformation in 20
Baden-Wiirttemberg Network

with CTLS method

495
49
485

48
i

475
75

Table 1 Transformation parameters with different estimation methods
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2D-affine transformation GK (DHDN)-UTM (ETRS89)with CTLS
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6-parameter affine transformation GK (DHDN) — UTM (ETRS89)

131 BWREEF points ty (m) tg (m) a (1) B (1) dm; (x107%) dm, (x107%)
LS 437.194567 119.756709 0.165368 —0.196455 —3.996797 —3.988430
TLS 437.194554 119.756712 0.165368 —0.196455 —3.996797 —3.988430
Partial-EIV 437.194556 199.756709 0.165375 —0.196445 —3.996797 —3.988430
CTLS 437.194567 119.756709 0.165375 —0.196445 —3.996797 —3.988430
Gauss-Helmert 437.194567 119.756709 0.165289 —0.196397 —3.996797 —3.988430
the quadratics sums of the errors of virtual observations of
functionally independent random elements of design matrix: 5 Connection of CTLS Estimator
and the Estimator of Gauss-Helmert
LS: el 85 = 3.678308 (m?) Model
TLS (SVD) : &7, sérLs = 0.409136 (m?)
ETL SETL s = 0.817619 (mz) In one independent study about the parameter estimation
eTL <erLs + ETL SETL s = 1.226756 (mz) of coordinate transformations, where the coordinates of the
starting system and the coordinates of the final system are
Partial-EIV : e;L SPeTLSP = 0.920311 (mz) considered as random variables with identical covariance
eZTL o eaTL sp = 0.919577 (mz) matrices, Koch (2002) has proven that the estimated param-
el splrrsp + eaTLSPeaTLSP = 1.839889 (mz) eters are identical, if the Gauss-Helmert model (G-H-M),
) ) after introducing additional unknown parameters with the
CTLS : &¢rrs€erLs = 0.920311 (m?) Gauss-Markov model (G-M-M). Since the approach with

aAcTLS

m
o gT 8acprs = 0.919577 (m?)
&L séerrs + &1 @acp,y = 1.839889 (m?)

introducing additional unknown parameters is just the same
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Table 2 Statistical comparison the results of the coordinate transformation with different estimation methods

Absolute mean residuals Max. of absolute residuals

Transformation models Collocated sites |[VN| (m) |VE| (m)

[VN| (m) |VE] (m)

RMS (m) Standard deviation of unit weight (m)

LS B-W 131 0.1048  0.0804 0.3288  0.3226 0.1187  0.119868
TLS B-W 131 0.0350  0.0268 0.1097  0.1076 0.0396  0.0400
Partial-EIV B-W 131 0.0525  0.0402 0.1645  0.1614 0.0594  0.0848
CTLS B-W 131 0.0525  0.0402 0.1645  0.1614 0.0594  0.0848
Gauss-Helmert B-W 131 0.0525  0.0402 0.1644  0.1613 0.0594  0.0848

as the ideas of CTLS, which brings the connection of G-H-M
with TLS model.

Koch (2002) established Taylor linearized Gauss-Helmert
Model (Wolf 1978) with respect to the transformation param-
eters and coordinates for the case of coordinate transforma-
tion (17) directly

X; +e; =t+RM(xy +ey), for i €{l,...,p},
(24)

With new observation vector—y,; = to + RoMoX,; — X,
new notations of B = [Ar, Aa, Am]’ and the related deriva-
tive term A of Taylor linearization (Pope 1972) we have the
Gauss-Helmert model

Y. = AB + RoMoe;; —e; = AB + Ze

with E {e} = 0and D {e} = 0’ X 25

He converted Gauss-Helmert model into Gauss-Markov
model for the same case of transformation with additional
new parameters/observations, in which the error vector coor-
dinates of starting system e;; is substituted by vector Ax;

Vi +e; = AP + RoMoAxy;

Ysi + € = IAXSi (26)

With new notation of B = RgM; and y = Axy; we can
reform (26) as

y=AB +By +e¢

27
Yy = Yy +¢e

He has also proved that both the G-H-M (25) and con-
verted G-M-M (27) produce identical estimated parameters.

Note that this new converted G-M-M (27) has the same
structure with (6) or (8). After the convert of the random
elements in design matrix into new random parameters
together with the argumentation of virtual observations to
Gauss-Markov model we arrives the same models:

y — AgE’
ya_ao =

= AJAE +BAa +ey (28)
+Aa+e,

The numerical transformation results with converted G-
M-M are listed in last line of Tables 1 and 2, and also shown
in Fig. 3.

In addition, the following statistical terms shows that
there are no difference between the quadratics sums of the
residuals €%7; ¢€crrs related CTLS and €%, €grm related
G-H-M, together with the quadratics sums of the errors
of virtual observations of functionally independent random
elements of design matrix:

CTLS: &t s€crs = 0.920311 (m?)
egcnseacns = 0.919577 (mz)
(m

el seores + el @acp,s = 1.839889 (m?)

G-H-M e, = 0.920311 (m?)
eél'e; = 0.919577 (m?)
ele. + é?é 1.839888 (m?)

It can be concluded that this notable development of the
CLTS has also revealed that the connection/relationship or
identity of estimator of the CTLS and the converted G-M-
M estimator of Gauss-Helmert model in dealing with EIV
models, especially in the case of similar or affine coordinate
transformations.
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Fig. 3 Horizontal residuals after
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2D-affine transformation GK (DHDN)-UTM (ETRS89) with Gauss-Helmert

6-Parameter Affine 7.5 8 85 9 9.5 10 10.5
transformation in 20 %
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6 Conclusions and Further Studies

The traditional techniques used for solving the linear estima-
tion problems are based on classical LS. However, only the
errors of observation vector are considered, and the design
matrix is assumed to be accurate without any errors. This
makes LS not valid for most cases. Further study based
on Errors-in-Variables (EIV), Total Least Squares method
considers the errors in design matrix as well. The problem of
which is, the repetition of parameters in design matrix has a
deviation influence on the minimum norm constraint. Reform
from EIV-model to Partial-EIV model and the Converted
Total Least Squares could solve the Problem. Compared
with Partial-EIV model, the solution of Converted Total
Least Squares does not need the iteration. Based on these
analyses and comparisons with different estimation methods
the following points can be concluded:

e The traditional SVD method of TLS has a theoretical
weakness in that it cannot be applied directly when only
part of the design matrix contains errors.

* The Converted Total Least Squares (CTLS) can be used to
deal with stochastic design matrix in TLS problem, where

the TLS problem has been successfully converted into a
LS problem.

* CTLS can be easily applied with considering the weight
of observations and the weight of stochastic elements of
design matrix. (Completely!)

* Although the estimated transformation parameters of
Partial-EIV model and CTLS are almost identical, our
CTLS has its advantage without complicated iteration
processing. (Efficiently!)

* This study develops one converted approach for TLS
problem, which provides statistical information of param-
eters and stochastic design matrix, enriches the TLS algo-
rithm, and solves the bottleneck restricting the application
of TLS.

* This notable development of the CLTS reveals that CTLS
estimator is identical to Gauss-Helmert model estimator
in dealing with EIV models, especially in the case of
coordinate transformation.

Further studies should focus on the study of a general
connection and even identical estimates of CTLS and Gauss-
Helmert model. Further applications can be performed to
7- or l4-parameters similarity coordinate transformations
among IERS ITREF realizations.
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Abstract

In this contribution, a robust Bayesian approach to adjusting a nonlinear regression model
with t-distributed errors is presented. In this approach the calculation of the posterior
model parameters is feasible without linearisation of the functional model. Furthermore,
the integration of prior model parameters in the form of any family of prior distributions
is demonstrated. Since the posterior density is then generally non-conjugated, Monte
Carlo methods are used to solve for the posterior numerically. The desired parameters
are approximated by means of Markov chain Monte Carlo using Gibbs samplers and
Metropolis-Hastings algorithms. The result of the presented approach is analysed by means
of a closed-loop simulation and a real world application involving GNSS observations with

synthetic outliers.
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Bayesian nonlinear regression model - Gibbs sampler - Markov Chain Monte Carlo -
Metropolis-Hastings algorithm - Scaled t-distribution

1 Introduction

The estimation of model parameters is a fundamental task
in geodetic applications. One possibility for accomplishing
this task is provided by Bayesian inference, which is based
on Bayes’ theorem and utilizes probability density func-
tions of observations and parameters. Bayesian inference
also enables hypothesis testing and the determination of
confidence regions. In comparison to classical non-Bayesian
statistics, Bayesian inference is more intuitive and “methods
become apparent which in traditional statistics give the
impression of arbitrary computational rules” (according to
Koch 2007, p. 1). The fields of application of Bayesian statis-
tics are diverse and include disciplines such as biological,
social and economic sciences (see Gelman et al. 2014, for the
fundamental basics of Bayesian inference and some appli-
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cation examples from these disciplines). Bayesian statistics
has also been used for different geodetic applications for
decades (Bossler 1972; Koch 1988, 2007, 2018; Riesmeier
1984; Schaffrin 1987; Yang 1991; Zhu et al. 2005). However,
in all of these studies simple linear functions are used,
simple conjugate prior density functions are assumed or
outlier-affected observations are not considered. A particular
problem that arises with nonlinear models or non-conjugate
priors in connection with popular classes of algorithms, such
as Markov chain Monte Carlo (MCMC) methods (cf. Gamer-
man and Lopes 2006; Gelman et al. 2014), one generally
cannot sample directly from the posterior density function.
The class of MCMC methods includes the well known
Metropolis-Hastings algorithm and Gibbs sampler. The latter
has been originally developed for the Bayesian restoration
of digital images and later used for a variety of problems of
Bayesian inference. Such problems include nonlinear inverse
problems (see, for instance, Haario et al. 2006; Johnathan et
al. 2014). In a geodetic context Gibbs sampler methods have
been used for the purpose of error propagation and inversion
of large matrices (cf. Koch 2017; Alkhatib and Schuh 2006;
Gundlich et al. 2003).
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The likelihood function and prior distribution are gener-
ally assumed to be Gaussian in this context, so that these
approaches are not robust against outliers. To obtain a robust
approach, the family of normal distributions is replaced by
a family of heavy-tailed distributions. Koch and Kargoll
(2013) introduced the scaled t-distribution as a heavy-tailed
error law in a geodetic application involving a linear model.
An extension of this approach to nonlinear models was
developed in Alkhatib et al. (2017). In both works, the
solution was obtained by means of an expectation maxi-
mization algorithm, which is only based on the likelihood
function and thereby does not allow for the integration of
prior knowledge about the parameters. In a Bayesian context
involving linear models with t-distributed errors, a variety of
solution approaches utilizing MCMC methods, in particular
a Gibbs sampler, exist (e.g., Geweke 1993; Gelman et al.
2014). In our current contribution, we extend the previous
approaches to a Bayesian approach to solving a nonlinear
model based on the t-distribution error law. The suggested
approach allows for the integration of prior model parameters
by assuming any family of prior distributions.

2 Bayesian Inference

2.1 Fundamentals of Bayesian Inference

In many geodetic applications one typically works with
models which depend upon parameters to be estimated.
We limit ourselves in this paper to the linear or nonlinear
regression models. Let I be a vector of data and © be a
vector which contains the parameters for a model which
seeks to explain /. The relationship between observations and
unknown parameters is described by means of a functional
model f(©):

l+e=f(O). (D

The residuals (“errors”) € arise in an overdetermined system
and describe the precision of the observations. The usual
assumption is that the residuals are normally distributed with
zero mean and variance-covariance matrix X. The vector-
valued function f (®) can be linear (e.g., distance estimation
from repeated measurements) or nonlinear (e.g., estimation
of geometric shape parameters from 2D or 3D points), but
the focus is on the nonlinear case in this paper. The previous
model defines a Gauss-Markov model (GMM), which is
usually adjusted by means of the method of least squares (cf.
Koch 1999).

As an extension of that approach, Bayesian inference uses
probability distributions to determine the unknown parame-
ters of a model and is based on Bayes’ theorem:

p@|l) o p(@) - p(1O). 2

A. Dorndorf et al.

Here, p(®]|l) is the so-called posterior density, from which
the unknown model parameters can be derived for given
observations /. The prior density p(®) expresses all addi-
tional information about the unknown parameters and may
be obtained from, e.g., results of a previous adjustment or a
manufacturer’s data sheet. p(I|®) is the likelihood function,
which represents the information of the observations condi-
tional on the unknown parameters. In case of Bayesian infer-
ence the solution approach is based on marginal and condi-
tional densities, where one distinguishes between conjugated
and non-conjugated prior distributions. To evaluate the mean
of the posterior density as a point estimate, one can solve
the integral E(®|l) = [ © p(©|l)d®. However, except
for special cases involving linear functional models and
normally distributed residuals, it is impossible to evaluate
this integral analytically. To overcome this limitation, Monte
Carlo (MC) techniques can be employed to approximate
desired statistical measures such as expectations, variances,
covariances, skewness, and kurtosis (cf. Koch 2017; Gelman
et al. 2014).

2.2 A Robust Bayesian Model
The general assumption of normally distributed residuals in
Eq. (1) does not account for outliers, which may therefore
deteriorate the inference about the model parameters. To deal
with outliers, hypothesis tests for outlier detection or a robust
adjustment should be carried out. The focus of this contribu-
tion is on the latter. For this purpose, the normal distribution
may be replaced by a longer-tailed family of distributions
(cf. Gelman et al. 2014), for instance, by the family of scaled
(Student’s) t-distributions, frequently used in Bayesian and
likelihood inference. Accordingly, the stochastic model for
each residual is assumed to be

€ ~ 1,(0,57). 3)
The degree of freedom v controls the thickness of the tails.
Outliers, being located in the tails, are more abundant for
small v, whereas the t-distribution approaches a normal
distribution with increasing v. Inference about v is possible,
so that estimators based on the t-distribution model have been
called adaptive or self-tuning robust estimators (cf. Koch and
Kargoll 2013; Parzen 1979). The residuals are assumed to
have expectation 0, and the scale factor s; is related to their
variances through

2 Vo2

Ué :U_Zsf’

“)

defined for v > 2. The t-distribution model Eq. (3) can be
re-formulated conveniently and equivalently as the rescaled
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normal distribution (cf. Gelman et al. 2014)

€ ~N(0, 0521/Vi)7

W; ~Inv-x2(v, %), (5)

with 57 = a?72.
This equivalence is enabled by the introduction of additional,
scaled inverse-chi-square distributed weights ;. Whereas v
itself is also a degree of freedom of that Inv- )(z—distribution,
the scale factor s, is factorized into the scale factor o with
respect to the normal distribution and the parameter 7 of the
Inv- y2-distribution.

As this t-distribution results in a non-conjugated prior and
as the functional model is nonlinear, MCMC methods are
required to calculate the posterior density. The fundamentals
and further discussion of the solution of non-conjugated prior
densities by means of MCMC can be found, e.g., in Kroese et
al. (2011) and Gelman et al. (2014). In this contribution, the
Gibbs sampler is used for the generation of Markov chains,
by sequentially drawing the unknown posterior parameters
from their conditional densities. The purpose of the next
section is to provide the required fundamentals of MCMC
as well as a calculation procedure based on the Gibbs
sampler.

3 A Bayesian Approach to Parameter
Estimation

3.1 Specification of the Bayesian Model

Without loss of generality, the calculation procedure is devel-

oped for the typical task of adjusting » 3D points. More
specifically, each observation

li=[xi,yi,zi] (i=1,...,l’l), (6)
is defined by an x-, a y- and a z-coordinate. To demonstrate
the flexibility of the Bayesian model, outliers are assumed to
occur only in the z-coordinate, so that a t-distribution is asso-
ciated with the corresponding residuals, whereas the resid-
uals of the other two coordinate components are assumed
to be normally distributed at the outset. The residuals for
all three coordinate components may have different levels
of variance, and stochastic dependencies between them are

currently neglected. Thus, the stochastic model reads

€, ~N(0,0?),
€, ~N(0,07), (7

2
e; ~ 1,(0,57).
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The functional model f generally involves a parameter
vector @ = [0,0,,..., QM]T consisting of u unknowns. As
part of a Bayesian model, prior distributions are assumed for
all unknown parameters, including the three scale factors and
the degree of freedom v of the t-distribution. An informative
prior is assigned to the functional model parameters ©
and non-informative priors to all other parameters. As non-
informative priors may be defined by constant probability,
only the prior of ® remains to be specified, which choice
depends on the inferential procedure about the parameters © .
If the redundancy of the prior adjustment problem is large,
it is frequently adequate to assume a multivariate normal
distribution

0-0)"z,' (0-0
2(©) ( ) X ( ))_

!
J@mydetSo T (_ 2
(8)

The prior knowledge of the model parameters © is the
expected value of the multivariate normal distribution, and
¥ @ controls the spread of the distribution. ® is an arbitrary
realization of the vector of functional model parameters. If
the redundancy of the prior adjustment is small, a multivari-
ate t-distribution would be an adequate choice for the prior.
The likelihood function is determined by the observation
equations /; + €; = f;(©) and the stochastic model (7) for
the residuals. Expressing the t-distribution for the residuals
of the z-component as the rescaled normal distribution (5),
the likelihood function is defined by the (factorized) multi-
variate normal distribution

" 1
1|®,0c,0,,a, W,v,7) =
ad ’ ) 1:[1 J@m)k det Xy,
( - f@) z a; - f,»(e)))
xXexp|— )
2
o2 0
with Xy, = | 0 oﬁ 0 and k = 3,
00 azm

©)

where the variance-covariance matrix X, of one observed
point fulfills the assumption of uncorrelated coordinate com-
ponents. The following section demonstrates the calculation
of the posterior density.

3.2 Calculation of Posterior Parameters

The posterior density p (©,0x,0,,a, W,v,7|l) summa-
rizes the information of the prior (8) and the likelihood
function (9) via Bayes’s theorem (2). As indicated in Sect. 2,
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1. Update of WU) with
720-1) g2G-1),

eU-1,1, ; Eq. (10)

2. Update of 12 U with
W) g2 G-1)
eU-1 1, ; Eq. (11)

6. Update of 0Wwith —
w{j) 2 ) a2 ) 3. Update of a? W) with

5 UJ' i {J") I I. W(_”. 2 UJr
Ux ’Jy 2 by by @U—l)} !z ; Eq (12}

I, ; cf. Table (1)

5. Update of of D with

0U-1,1, ; Eq. (13)

L

Fig. 1 Computational steps of the Gibbs sampler for adjusting 3D
points based on the Bayesian model described in Sect. 3.1 with fixed
degree of freedom v

4. Update of of ) with
U=V, 1, ; Eq. (13)

&

| Iterations: j =1,..,m

Result: ® = mean(@(--™))

the prior is non-conjugated for the current model, so that
the posterior is solved for numerically. The calculation of
the degree of freedom is an intricate step, for which various
approaches have been proposed in the case of a linear
regression model (see Geweke 1993; Gelman et al. 2014).
Due to limited space, the current model is simplified by
assuming that the degree of freedom is known with v = 4,
which value has been recommended for the purpose of a
robust estimation (cf. Gelman et al. 2014). For the calculation
of the posterior unknowns a Markov chain is generated by
means of a Gibbs sampler (see Fig. 1). The convergence of
Gibbs sampler depends strongly on the choice of the initial
parameter values 0O Less critically, initial values for the
parameters T and o must also be specified, e.g., setting
20 = 1 and o*® equal to the variance of the z-coordinate
(thus assuming that the z-coordinate is initially normally
distributed).

For the generation of Markov chains using the Gibbs
sampler, the conditional distributions of the unknowns are
required, which are generally well known from Bayesian
literature in the context of linear models (e.g. Gelman et al.
2014). These are now adapted to the present nonlinear model.
The Gibbs sampler starts with step 1. in any iteration step j,
where the weights for the z-coordinate are drawn depending
on 7, a, ® from the preceding iteration j — 1. According to

2 2
Wile2, 0% O, 1.,

24 (L — £ (O /a2 (10)

~Inv—)(2(v+1,w + (I~ 1 (€))% )
v+1

the weights are Inv-y>-distributed, where the parameter o

scales the residual square of a measured z;; v and T con-

trol the robustness. In step 2. of the Gibbs sampler, the
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distribution of 7 is updated depending on the new weights W
as well as parameter values @ and « of the iteration before:

n

rle,ozz,@,lszamma(nzv,;;I/Illi). (11)
For the generation of the gamma-distributed random variable
7, the parameter o and the observations I, are not used
directly. These values are included indirectly in the weights
W and the number of observations 7. In step 3., the scale
factor « is generated from a Inv- y2-distribution as follows:

1

1 (I, — £.(©))2
2 2 2 z z
5 ,@,l—r’\’I - 5 .
a|W,t 2 nV)((nnlE1 ‘

12)

Now, the generation of the variance o2 within step 4. differs
from (12) only by the replacement of the z; by the x;-
components while omitting the weight W;, that is,

2 2 IS 2
021©,1, ~ Inv-x (n . ;(lx,. — £, (©)) ) (13)
The generation of the variance (75 instep 5. is then carried out
in the same way as o2, using y;- instead of x;-components.
In the remaining step 6., the generation of @V ) is not
possible by means of a conditional distribution as the latter
is unknown. This, however, is not a problem as random
numbers can be directly generated from the combination of
the prior density and the likelihood function by means of
a Metropolis-Hastings (MH) algorithm (Hastings 1970), as
shown in Table 1. Firstly, a random number 6% is generated
using the values Qi(j ~ from preceding iteration step and
using a scale factor Agy,. The selection of the distribution
family for this random number generation influences the effi-
ciency of the MH algorithm. In view of the application given

Table 1 Generation of posterior @) by means of the MH algorithm

1. Generate 0rY ~N (Gi(j -, )Lgi)
. . . T
2. Set Qv — [91(/),92(/),"' LGN u(/—l)]
. . . . T
®old — [01(/), 92(1)? .- 0[_(_]_1)? .- eu(/_l)i|
. p(@"”')*p(@"ewIl,ux,oy,a,W‘u,r)
3. Calculate U = min [1, PO p(©°]1.0,.0y.0. W 0.7) :|
4. Accept or reject
Generate: p~U(0,1)
Ifp < W oY) = grev
Ifp>W: Gl-(j) = Gl-(j_l)
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in Sect. 4, a normal distribution is employed for this purpose
since the posterior of @ will approximately be gaussian. The
efficiency of the MH algorithm also depends on the scale
factor Ag, . An approach to choosing adequate value for Ag, in
application is presented in Sect. 4.3. In step 2. the parameter
vectors © are set up with 6" and Gi(j D, The parameters
91(1 ) IR Qi(i )1 are from the current iteration j, which means
that these values have been updated before ¢; by the MH
algorithm. The model parameter values 9}_’51), o pyUTh
stem from the iteration before. These values are gradually
regenerated randomly by means of the MH algorithm after
updating 6;. In step 3. the probability ratio of @™" and @°¢
is calculated according to Egs. (8) and (9). The value W is
used for the decision in step 4., whether 67" or Gi(/ Vs the
new generated Gi(j ). A convenient feature of this procedure is
the direct usage of the functional model f (®), without the
need for derivatives.

With the conclusion of the MH algorithm, the Gibbs
sampler complete one iteration. This procedure is carried
out in total m times and thereby yields the Markov chain
results for the unknown posterior parameters. By means
of resulting Markov chains, the posterior results for the
key parameters (functional model parameters, variances o2
and Uyz, the unknown weights and scale parameters of t-
distribution) can be approximated. The first half of the drawn
chains are considered as burn-in replications and discarded.
The remaining samples may serve for the estimation of the
parameters from (SR , as their mean value (see Fig. 1).
By choosing m sufficiently large, the approximation error
implicit in the estimate can be reduced (see, e.g, Kroese et
al. 2011; Gelman et al. 2014).

4 Application and Results

4.1 Application
In our real-world application we use a multi-sensor-system
(MSS) composed by a laser scanner and two firmly attached
GNSS equipment proposed by Paffenholz (2012). The aim
of the MSS is to efficiently geo-reference 3D point clouds
by means of 3D coordinates in a superior coordinate frame.
For ease of understanding, we consider only the obtained 3D
coordinates by one GNSS equipment according Eq. (6) for n
observed 3D points. These points describe a circle in 3D due
to the rotation of the laser scanner around its vertical z-axis.
For the geo-referencing of the laser scanner the unknown
circle parameters must be estimated. The parameterisation of
acircle in 3D is given by: @ = [cx. ¢y, ;.7 0, (p]T.

The parameter c is the centre point of the circle for the x-,
y- and z-coordinate and r is the radius. The angles @ and ¢
describe the orientation of the circle in 3D by means of the
rotations around the x- and y-axis. By the parameter ® the
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functional model can be set up for the different coordinate
components as follows:
S (©) =rcos(t;)cos (¢) + Cx,
Sy (@) = rcos (¢;) sin (@) sin (w) + 7 sin (t;) cos (@) + ¢y,
fo (@) = —rcos () sin (¢) cos (w) + 7 sin (¢) sin (w) + ¢,
with f; (@) = [/, (@), 1, (©). [, (©)].

(14)

The splitting of the functional model in the three coordinate
components corresponds to a nonlinear regression model,
which allows for the estimation of the unknown parameters
by means of a GMM. The equations arise from the combi-
nation of the polar coordinate equation of the circle and a
3D rotation matrix. The variable ¢ is the rotation angle of
the laser scanner around its z-axis. To simplify the model
we assume that ¢ is known and error free. This assumption
is possible, because the horizontal angle measurement of
the laser scanner is significantly preciser than the 3D points
obtained by the GNSS equipment. In addition to the GNSS
observations, prior knowledge is available from calibration
measurements by means of a laser tracker. Therefore, the
value r and the corresponding variance o2 are known. We
assume a non-informative prior for the other model parame-
ters ¢, w and ¢. Hence, we use a normal distribution as prior
instead of the general presented multiple prior distribution in
Eq. (8). For the stochastic model the assumption of Eq. (7)
is used. For further information about the MSS such as
the specific sensors, the calibration and the geo-referencing
approach employed, see Paffenholz (2012).

4.2 Closed Loop Simulation

The investigation of the presented Bayesian estimation
approach in Sect. 3 is based on a closed loop (CL) simulation
and on a real data example. In this section we describe the
generation of the CL simulation and the results. Firstly,
we define the true parameter values @y =[1716.00cm,
3012.00cm, 1054.00cm, 30.00cm, 0.40°, 0.08°] for the
3D circle. With the functional model in Eq. (14) and ©
we calculated 50 uniformly distributed observations on the
3D circle. After that, random normal distributed values are
generated and added to these observations. For the noise
generation we use the following parameters derived from the
real data: oy = 0.2 cm, 0, = 0.1 cm and 6; = 0.4 cm.
In addition to the normally distributed errors, we create
15% of the z-observations as outliers by means of the
uniform distribution U (0.93, 1.71) with minimum value 0.93
and maximum value 1.71. The outliers are ill-conditioned
distributed and are spread out over the true circle. In each
iteration jcr, of the CL simulation the noise and outliers
are generated randomly. The simulation is repeated 10,000
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times, where three different approaches are used for the

. . A (jeu) .
estimation of @7, JjcL denotes the counter of the CL

simulations. The approaches are based on:

(1) alinearised non-robust GMM (cf. Koch 1999),

(2) the presented robust Bayesian approach with non-in-
formative prior, and

(3) the presented robust Bayesian approach with prior infor-
mation. The prior knowledge about the radius is defined
here to be the true value r = ryye = 30cm as well as
the standard deviation o, = 0.05 cm. Basics and further
information about CL simulation are presented, e.g., in
Saltelli et al. (2008).

In each iteration of the CL simulation initial values for
the unknown parameters @ are required. For ¢’ we use the
mean of the observations . r© is derived by means of the
euclidean distance between ¢ and an arbitrarily observed
point. The initial angles @ and ¢® can be set to zero
since the MMS is levelled. These initial values are used
for all three estimation approaches. Furthermore the Gibbs
sampler requires starting values for a?, 72 (cf. Sect. 3.2), g
and m. The last two parameter values are essential for the
convergence of the Gibbs sampler, and they depend on the
quality of the initial values of the unknown parameters. For
example, if the initial values 0 deviate significantly from
the true parameter values @ e then the number of generated
samples in each Gibbs sampler chain m should be increased.
In each iteration of the CL simulation a Markov chain with
m = 7,000 and a warm-up period of 0 = 3,500 is generated.
The convergence of the Gibbs sampler and the definition of
A are discussed in Sect. 4.3.

The results of the CL simulation are the estimates ©
for the three approaches. The means of the 10,000 vectors
[¢x. ¢y, F, @, @] differ from @y by less than 107 [cm] resp.
[deg]. Only the mean of ¢, deviates significantly from ¢,
(see Table 2) due to the generated outliers in the z-coordinate.
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Table 2 Estimated results of the CL simulation

Bayes
GMM non-informative  Bayes informative
Mean (RMSE) [cm] 025 0.19 0.19
ormse [cm] 0.05  0.06 0.06
Mean (¢;) —¢4,, [cm] 021  0.14 0.14
G, [cm] 0.053  0.063 0.063
Mean (7) [cm] 30.00 30.00 30.00
6, [em] 0.020  0.020 0.018

The outliers have a smaller influence on the estimate ¢,
by the robust Bayesian approach than on this estimate by
the non robust GMM. For a comparison between the three
approaches in terms of all estimates 2] simultaneously, the
root mean square error (RMSE) is calculated. The RMSE
represents the average euclidean distance between predicted
and true 3D points.

RMSEUc) = ’1 Z (42 +a2 +a3).

zi
i=1

withd? = [ £, @wo)— £, ("N 15,

& =[5 ©w) -1, (6]

&2 = [ ©we) — £, (6")] .

The corresponding distributions of the 10,000 RMSE results
are shown in Fig. 2. The average RMSE for the GMM (blue)
is larger than the values for the Bayesian non-informative
(green) and informative (red) approaches, which are identical
(see Table 2). The only difference between the Bayesian
results can be observed for the estimated radius (see Table 2):
In the informative case, the prior knowledge about the radius
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0.2
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Fig. 2 Distribution of the 10,000 RMSE results for the three approaches: GMM (blue), Bayesian non-informative (green), and Bayesian

informative (red)
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reduces the standard deviation of the estimated radius but the
difference is very small.

4.3 Convergence Analysis of the Markov

Chains

Any posterior simulation approach such as the Gibbs sampler
presented in Sect.3.2 provides us with an © which is an
estimate of E(f (®)|l). By choosing m sufficiently large
and the starting values for the parameters close enough to
the true values, the convergence of the Markov chain is
very probable. To analyse the convergence behaviour of the
Gibbs sampler, the CL simulation is repeated. Contrary to
the calculated values for @ ® in Sect. 4.2 we generate these
values randomly. The random generated values are now not
close to the values @, as the calculated initial values given
in Sect. 4.2. We will demonstrated here that the Markov chain
for the random values @ will independently converge to
the true values ® . The random initial values for @
are generated by means of uniform distributions with the
intervals:

¢ € [eque — 50, eirue + 50] [em],
r(O) € [rtruc - 107 T'true + 10] [cm],
»© € [Wiue — 10, Wyye + 10] [deg],

<P(0) € [(/)lrue - 107 Ptrue + 10] [deg]

In case of random initial values @® the choice of an
adequate value for A4, is a challenging task. The use of a
fixed Ag, has the following difficult problem. If the value is
too large, then only a few new random numbers for 6; will
be accepted in the MH algorithm. Conversely, a very small
Ag, results in a high acceptance rate for ;. In both cases
a convergence of the Gibbs sampler cannot be guaranteed.

Fig. 3 Results of A ¢ for one CL |
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Alternatively, an iterative adaptation can be used to deter-
mine Aq,. The used approach is based on the assumption that
an adequate Ay, is chosen if the acceptance rate is about 50%
(cf. Gelman et al. 2014). After every 250 iterations of the
Gibbs sampler the acceptance rate of the currently created
chain 6; is calculated. If the acceptance ratio is less than
40%, Ag ) will be reduced by the factor y. In contrast, an
acceptance ratio greater than 60% will be increased the value
)Lg ) by the factor y. For the presented application the values
y = 2 and y = 5 have proven to be suitable. Both values
are used in alternating order (cf. Fig. 3). In a future work we
will investigate the dependency of the value of the alternating
factor y on the number of iterations m.

In the CL simulation the initial values Ag) = [5,5,5,1,
1, 1] are used. The results of the adaptively estimated Ag
for one CL simulation are shown in Fig.3. It can be seen
that these estimates become constant around the warm up
period. Figure 4 shows the results of the Markov chain for
® for the same simulation. The chains spread constantly
around their mean values close to .. These results are
similar to the results of the other 9,999 iterations of the CL
simulation. Consequently, it can be assumed that the Markov
chain for ® converges for the used start values m, o, 00
and Ag) . For a final statement of convergence a hypotheses
test would be required. Due to the limited space in this
contribution a general examination of the determination of
Ag, and convergence analysis is not feasible and will be
discussed in future studies.

4.4 Real Data Example

For the real data example we use a data set with 1,580
GNSS observations. The noise of the x- and y-coordinates
are approximately equal to the variances in the CL sim-
ulation. Contrary to the simulated data, the residuals of
the measured z-coordinates have additional error effects,

| 5 |

simulation: iterative adaptation of — 9 — 5 =
Ag; (blue), and limit of warm-up ;é:‘ i i
period (red) 251 ~25] w25
< ‘ 2e =<
0
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1 1 1
g E; E
.05 205 —— 205 _
0! = 0! 0" :
0 3500 7000 0 3500 7000 0 3500 7000
Iteration lteration Iteration
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Fig. 4 Results of estimating
parameters © for one CL
simulation: Markov chains of the
Gibbs sampler after warm-up
period (blue), mean values of
these chains (red), and O e
(green) 1715.9
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Table 3 Estimation results for the real data example

Estimation approach ¢ lem] 6 [em]  Flem] 6, [cm]
— GMM without outliers ~ 1.70 0.008 29.75 0.004
E, GMM 1.81 0.009 29.75 0.004
% Bayes non-informative ~ 1.73 0.010 29.73 0.004
_-a Bayes informative 1.73 0.010 29.73 0.004
E )

40 80 120 160 200 240 280 320 360
t [deg]

Fig. 5 Residuals of z-coordinate. [z; — Mean (z)] of the real data
(blue), and noise generated from the normal distribution N (0, 0.4 [cm] )
as in the CL simulation (red)

which are not represented by a normal distributed noise
(see Fig.5). However, these are no significant outliers but
probably time-dependent effects which are not considered
further in this paper. Hence, we generate randomly outliers
for 15% of the z-coordinate by means of the uniform distri-
bution U (0.5, 1.0). The informative Bayesian approach uses
the same prior values for the radius as in the CL simulation
(r = 30cm, o, = 0.05cm), which were estimated from
a calibration measurement by means of a laser tracker. The
initial values for @ are calculated as described in Sect. 4.2,
and the initial values for o2, t2, Ag, 0 and m are the same
as in the CL simulation. As the true circle parameters are
unknown, the RMSE cannot be calculated. Therefore, we
estimate the circle parameters without any outliers in the
data set by means of a GMM. These parameters are used to
evaluate the results of the contaminated date set. In Table 3
the estimated results of ¢; and 7 are presented. We compare
only these two parameters, because the outliers influence
primarily the estimated circle center point of the z-coordinate
and the radius should be influenced by the prior knowledge.

The centre points of the x- and y-coordinate and the angles
do not differ significantly between the different estimations.
The results of ¢, show that the robust Bayesian results are
closer to the result of the GMM without outliers as the result
of the GMM. In case of 7 the results of all estimations are
close together without significant differences.

5 Conclusions and Outlook

In this contribution, a robust Bayesian approach to adjust-
ing a nonlinear functional model based on normally or t-
distributed residuals was presented. In this approach one
observation was introduced as a 3D point, to demonstrate that
different observation groups may have different stochastic
models. The selection of a prior distribution and a likelihood
function was described with regard to geodetic applica-
tions. t-distributions, having longer tails than normal distri-
butions, were used within the likelihood function for individ-
ual components to account for expected outliers. A numerical
approach to calculating the unknown posterior parameters
based on a Gibbs sampler was suggested. As the non-
linearity of the functional model excludes the usage of a
conditional distribution for the functional model parameters,
a Metropolis-Hastings algorithm was outlined.

Finally, a geodetic application was presented where the
parameters of a 3D circle have been of interest. The results
of this application show that the introduced t-distribution
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in the Bayesian model reduces the influence of outliers on
the estimated parameters. The introduced prior information
for the radius affects only the precision 6, in the range of
0.02 mm in the closed loop simulation. This is to be expected
since rque and r are identical. In case of the real world
data no significant differences between non-informative and
informative Bayesian approach is detectable for 7 and &,.
The reason for this is the larger number of observations in
the real world data. The likelihood function thus dominates
the posterior density, which can be interpreted as a down
weighting of the prior density in the estimation.

In future studies the robust Bayesian approach should be
improved to deal with fully correlated observations. Further-
more, the approach should be extended by the estimation of
the degree of freedom of the t-distribution.
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Abstract

The authors conceived the GNSS for Meteorology (G4M) procedure to remote-sense the
Precipitable Water Vapor (PWYV) content in atmosphere with the aim to detect severe mete-
orological phenomena. It can be applied over an orographically complex area, exploiting
existing networks of Global Navigation Satellite System (GNSS) Permanent Stations (PSs)
and spread meteorological sensors, not necessarily co-located. The results of a posteriori
analysis of four significant meteorological events are here presented, also in comparison
with rain gauge data, to show the effectiveness of the method. The potentiality of G4M to
detect and locate in space and time intense rainfall events is highlighted. The upcoming
application of G4M in near-real time could provide a valuable support to existing Decision

Support System for meteorological alerts.
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1 Introduction

The use of Global Navigation Satellite System (GNSS)
allows the monitoring of meteorological phenomena, includ-
ing severe ones, at detailed temporal and spatial scales. It
is independent from the other observation techniques (e.g.
rain gauges, meteorological radars, satellite images), thus it
can represent an innovative source of data, which could help
in improving the existing observational systems (Barindelli
et al. 2018; Inoue and Inoue 2007; Oigawa et al. 2015).
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GNSS-derived products, Zenith Total Delay (ZTD) and Pre-
cipitable Water Vapor (PWYV) in particular, are already rou-
tinely assimilated into some forecasting Numerical Weather
Prediction (NWP) models (Guerova et al. 2016; Oigawa
et al. 2018) and estimated within now-casting NWP models
(Dousa and Vaclavovic 2014).

In this context, the authors have conceived an automatic
procedure, termed GNSS for Meteorology (G4M) (Ferrando
et al. 2018). G4M is intended to produce 2D PWV maps
and describe its spatial and temporal evolution by means of
APWYV maps obtained by time differentiation with respect
to a reference epoch. The input data are ZTD estimates from
GNSS observations, Pressure (P) and Temperature (T) mea-
surements, both derived from existing sensors spread over the
considered domain and not necessarily co-located. Starting
from Bevis’ formulation (Bevis et al. 1992), that describes
how to obtain 1D PWYV values from co-located ZTD, P and
T data, the G4M procedure adds a simplified mathematical
model to describe P and T fields, besides data interpolation
and map algebra (performed in a GIS environment), to create
PWYV maps (Ferrando et al. 2018). Despite the low density
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and the different spatial configurations of the GNSS PSs and
meteorological sensors, the procedure seems to be able to
detect meteorological events with reliable results, also thanks
to an index (termed Heterogeneity Index, HI), conceived by
the authors, based on APWYV spatial variability.

In the present work, the G4M workflow is briefly intro-
duced (Sect. 2), and the procedure is applied to four signifi-
cant meteorological case studies whose results are compared
with rain gauge data (Sect. 3). Final considerations conclude
the paper.

2 The G4M Workflow

The G4M workflow starts from ZTD, P and T data deriving
from variously distributed sensors over the analyzed domain,
uploaded on a PostgreSQL+PostGIS geoDataBase (Ben-
venuto et al. 2018). Hence, it employs a procedure which is
implemented in a GRASS GIS environment.! This consists
in 2D data interpolation and a simplified mathematical model
of the atmospheric behaviour (conceived by the authors and
under evaluation for a patent; Ferrando et al. 2016, 2017). It
allows to produce PWV, APWYV and HI 2D maps, as depicted
in Fig. 1.

So far, GAM has been applied to the orographically
complex territory on the French-Italian border region. A hint
on input and output data is here reported.

2.1 Input Data

The GNSS data of 181 Permanent Stations (PSs), from
global, trans-national, national and regional networks on
the French-Italian border region, were processed with the
GAMIT/GLOBK software? in network mode, to estimate
a set of homogeneous tropospheric parameters. The mean
spacing of PSs is about 40 km. ZTDs are estimated for each
station, simultaneously with a daily positioning solution. The
details on processing settings for ZTD estimation can be
found in Sguerso et al. (2013, 2016). The ZTD estimates,
from January 1998 to December 2015 with a temporal step of
2 h, have been included in the RENAG DataBase.? To derive
PWYV from ZTD through Bevis’ relations, several P and T
stations, with a mean spacing of 150 km and a temporal step
of 1 h or higher, have been selected. P and T data are available

!Geographic Resources Analysis Support System (GRASS GIS) Soft-
ware, Version 7.4, GRASS Development Team, Open Source Geospa-
tial Foundation, 2018, http://grass.osgeo.org.
Zhttp://geoweb.mit.edu/gg/.
3ftp://renag.unice.fr/products/GPS_climatology_Sguerso_Labbouz_
Walpersdorf.
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Fig. 1 G4M workflow

in NCEI* (National Centers for Environmental Information)
archive of global historical weather and climate data.

The GNSS PSs and P/T networks are depicted in Fig.2
with black and red dots, respectively.

2.2 Output Maps
APWYV and HI maps are the outputs of the G4M procedure.

APWYV consists in a differentiation in time with respect
to a reference epoch. This operation removes the orographic
effect which affects PWV maps (Ferrando et al. 2018) and
results in the observation of PWYV variations with respect to
the reference epoch. Figure 3 depicts the evolution of APWV
over GENO (Italy) for 9th and 10th October 2014. The blue,
red, yellow and green dots represent PWV values of 9th
and 10th October 2014 differenced with respect to 00:00
UTC of 6th (PWV = 26 mm), 7th (PWV = 26 mm), 8th
(PWV = 35mm) and 9th (PWV = 31 mm) October 2014,
respectively. The substantial independence from the refer-
ence epoch is evident, due to the nearly identical behaviour
of the plots, which seem to only contain a bias shift. Such
reference epochs are quite close the severe rain event (94, 70,
46 and 22 h before, respectively), but their PWV ““absolute”
values are different. In particular, 6th and 7th October, 00:00
UTC have a lower PWV value, corresponding to “calm”
moment with limited PWV content. Note that differentiating
with respect to a “calm” epoch helps in the interpretation
of the meteorological phenomenon, because positive APWV
values correspond to an increase in PWV with respect to the
reference epoch.

The color scale for APWV maps has been chosen by com-
puting the maximum and the minimum values (respectively

“https://www.ncei.noaa.gov/.
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Fig. 3 APWYV values over GENO for 9th—10th October 2014 differenced with respect to 00:00 UTC of 6th (blue), 7th (red), 8th (yellow) and 9th

(green) October
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intense red and intense blue) in the area of interest, as shown
in Sect. 3.

HI has been conceived to relate APWV with the occur-
rence of rainfall. Several studies point out that local fluctua-
tions of PWV, which are associated with water vapor increase
or decrease, are responsible of convection, that can result
in heavy rainfalls (Seko et al. 2004; Shoji 2013; Oigawa
et al. 2015). Those researches revealed a correspondence
between PWYV spatial inhomogeneity and severe rain events,
and observed that the inhomogeneity increases before the
rain occurrence, thus it can be used as a predictive parameter.
In light of this, HI is computed performing a “block standard
deviation” by re-sampling the APWV maps to a four times
coarser grid (in both directions) and computing the value
of the standard deviation. Thus, each pixel of the HI map
represents the empirical standard deviation of the 16 APWV
map pixels inside it (Ferrando et al. 2018).

The color scale for 2D HI maps has been chosen on
the basis of the statistical parameters computed in the area
of interest. In particular, six steps have been selected and
defined as follows: O (cyan), u+20 (green), u+3o0 (yellow),
u+4o (orange), u+50 (brown), > pu+50 (red), where p and
o are HI mean value and standard deviation, respectively.
This color scale is considered suitable for the identification
of HI values corresponding to the occurrence of severe
meteorological events. In particular, a severe meteorological
event is likely to happen where HI shows values higher than
u+do.

3 Case Studies: Results and Discussion

The G4M procedure has been applied to four test cases which
occurred in the city of Genoa during 2011 and 2014. Among
the case studies there are two severe meteorological events
(case studies 1 and 2), a case when a high PWYV value was
detected and little rainfall occurred (case study 3), and a case
in which a meteorological alert was released by the Regional
Environmental Agency but no severe meteorological event
happened (case study 4). Although the focus is on Genoa, the
study area is a wide region surrounding the French-Italian
border, between 2°E and 15°E in longitude, and between
41°N and 47°N in latitude. The analysis resolution has
been set to 32” in both north-south and east-west directions,
which corresponds to a regular grid of about (1 x 1)km.
Two days have been considered for each case study. The
chosen temporal step is 2 h. The starting time of the analyses,
i.e. the reference epoch, is 00:00 UTC of a day before
the investigated event. The most critical time for each case
study was identified by observing the rainfall data registered
in Genoa by University of Genoa DICCA’s (Department
of Civil, Chemical and Environmental Engineering) rain

L. Benvenuto et al.

Table 1 Differences between G4M and 1D Bevis’ APWYV values over
GENO PS for the four case studies

" o Maximum
CS (mm) (mm) (mm)
1 0.2 0.4 0.7
2 1.2 0.3 1.7
3 0.1 0.3 0.8
4 0.1 0.5 —0.8

gauge.’ The same rainfall data were also used in combination
with APWV and HI maps to interpret the meteorological
events.

The following dedicated sections report the APWV and
the HI maps for the individuated most significant epoch for
each case study, together with a plot of the APWYV, HI and
observed rainfall obtained querying the G4M-derived maps
over the DICCA meteorological station for the considered
time span of twodays. In the 2D maps, the GNSS PSs
are depicted with black dots, except for GENO (reported
as a white dot) which was excluded from the interpolation
process of the G4M procedure. Thus, a validation has been
performed on GENO comparing the APWYV values extracted
from the G4M 2D maps and the ones computed applying
Bevis’ equations (Table 1). For the Bevis-derived APWV
values, the ZTD estimates were combined with P and T
data observed at one University of Genoa’s meteorological
station located less than 1 km away from GENO. Due to the
spatial proximity of GNSS and meteorological sensors, they
were considered co-located. Instead, the ipsometric equation
was employed to take into account the difference in height
between the two stations (about 40 m).

All the case studies show similar standard deviations,
except for case study 2 where average and maximum values
are significantly different due to a bias. However, a difference
of APWYV in the order of 1 mm is negligible with respect to
several millimeters, obtained by both G4M model and 1D
Bevis formula.

3.1 Case Study 1: 3rd-4th November 2011

The results of G4M procedure applied to 3rd and 4th Novem-
ber 2011 showed an increase of PWV in the entire con-
sidered 2D domain for the analyzed 48h with respect to
3rd November, 00:00 UTC. Focusing on Genoa (Fig.4),
a gradual increase of APWYV is highlighted from 8:00 to
10:00 UTC of 4th November, where a local maximum occurs
(APWV = 12mm). At 12:00 UTC, a decrease of APWV
is evident, which may be associated to the occurrence of

Shttp://www.dicca.unige.it/meteo.
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Fig. 4 Case study 1: APWYV and HI 2D maps for the most critical moment; APW'V, HI and observed rainfall for 48 h over DICCA meteorological

station

a severe meteorological event, causing the reduction of the
water vapor content in atmosphere (Sapucci et al. 2016).

Focusing on HI map, a strong concentration of high HI
values over the city of Genoa is highlighted from 6:00 to
10:00 UTC, meaning the possibility of an intense meteoro-
logical event. Observing the temporal evolution of APWV
and HI over the DICCA meteorological station (Fig.4), the
most critical moment seems at 10:00 UTC, when a peak
of both APWYV and HI is present. Looking at the hourly
rainfall data of the 4th November 2011, represented in
Fig. 4, it is clear that the most intense precipitation occurred
between 9:00 and 13:00 UTC, with a maximum peak of
93.8 mm/h between 10:00 and 11:00 UTC, coherently with
the previously highlighted results.

3.2 Case Study 2: 9th-10th October 2014
The second case study concerns the intense meteorological
event that took place over Genoa in the night between 9th
and 10th October 2014. The 2D APWYV maps did not show
significant variations of PWV with respect to the reference
epoch (6th October, 00:00 UTC); on the contrary, HI maps
showed high values concentrated only in the area between
Genoa and Chiavari (CHIV), a nearby city along the East
coast, while HI values were low elsewhere (Fig.5).
Observing the temporal evolution of HI, it is possible
to deduce that the critical moment for this case study was
between 20:00 UTC of 9th and 02:00 UTC of 10th October,
when HI has a sharp increase. Looking at the rainfall data of
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9th October 2014 (Fig.5), the highest rainfall peak occurred
between 20:00 and 21:00 UTC, having a value of 67.0 mm/h.
Since the temporal resolution of the G4M maps is 2 h, only
the congruence between rainfall and high values of HI can be
appreciated. Note that the highest peak of HI, between 02:00
and 04:00 UTC of 10th October, is associated to a decrease of
APWY due to the rainfall. In fact, high values of HI highlight
both positive and negative variations of APWV.

3.3 Case Study 3: 3rd-4th September 2011

The present case study was considered interesting because it
represents one of the highest peaks of the 2011 PWV time
series with respect to the PWV climatological average, i.e.
the average of corresponding 2-hourly estimates of each year

over all available years (1998-2015). The PWV climatologi-
cal average has been computed exploiting the RENAG DB’s
ZTD estimates long time series (Sguerso et al. 2013), and P
and T observations from University of Genoa’s meteorolog-
ical station. As a first rough approximation, the overcoming
of a threshold defined by the PWV climatological average
confidence interval could mean a possible critical situation.
In several episodes of 2011 PWV overcomes this value:
among them, the Genoa storm analysed in case study 1 (see
Sect.3.1) and the present case study. In both these cases,
PWYV values were significantly high; despite this, the total
rainfall amounts were substantially different: very intense in
the first case and almost absent in the present case. Thus, this
unexpected behaviour has been taken into consideration.
PWYV is quite evenly distributed with rather high values
with respect to 00:00 UTC of 3rd September 2011, especially
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between 08:00 and 10:00 UTC of 4th September (APWV =
13.3 mm) in Genoa (Fig. 6). HI maps do not show any peak
over the city of Genoa for the entire analyzed period. This
could indicate that APWYV, although it has quite high values,
is evenly distributed in space, hence an intense meteoro-
logical event is not likely to happen. This is confirmed
by the analysis of the rainfall data observed at DICCA
meteorological station, which has an hourly maximum of
2.8 mm/h. On the contrary, a peak is visible in HI maps for
Pavia (PAVI) and Alessandria (ALSN) in Fig. 6. For both it
corresponds to low values of APWYV, which are typically not
related to severe meteorological events.

34 Case Study 4: 30th November-1st

December 2014

On 1st December 2014, a meteorological alert was released
over the whole Ligurian region by the Regional Environ-
mental Agency, but the rainfall event was not severe at
all. For all the analyzed period, the APWV maps highlight
very low and negative values, which means a decrease of
PWYV with respect to the starting time of the analysis (00:00
UTC of 30th November 2014). The analysis started from
a not-rainy moment (30th November 2014, 00:00 UTC)
quite close to the examined event, even if the PWV value
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(PWV = 25 mm) was rather high over Genoa. The HI maps
do not show particularly high values over the city of Genoa,
indicating that an intense meteorological event is not likely
to happen. In fact, rainfall had a modest intensity (Fig.7),
with a maximum peak of 10.8 mm/h. The interpretation of
HI maps and the analysis of its evolution leads to exclude
that a severe meteorological event could occur, despite the
observation of negative values of APWYV and its decreasing
trend indicates a reduction of the water vapor content in the
atmosphere, which can be due to rainfall.

4 Conclusions and Future Perspectives
The present work focuses on the possibility to remote-sense

the water vapor content in atmosphere starting from GNSS
observations, over an orographically complex area, using

existing infrastructures, with a procedure called G4M. The
application of G4M to four case studies focused on the city
of Genoa in the years 2011 and 2014 showed its potential
in analyzing different meteorological conditions. Among the
case studies there are two severe meteorological events, a
case characterized by a high value of PWV and little rainfall
occurred, and a case in which a meteorological alert was
released by the Regional Environmental Agency, but no
severe meteorological event happened. The G4M outputs
were compared with the rainfall data from the DICCA rain
gauge, confirming that the G4M procedure is suitable for
detecting and localizing intense meteorological events in
space and time. In fact, a correlation was noticed between
high values of APWYV associated with its high variability,
represented by the Heterogeneity Index (HI), and intense
rainfall. Note that the 1D analysis of HI for a specific site
is not sufficient to localize a severe meteorological event in
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time. 2D HI and APWYV maps analysis is needed to detect
severe meteorological events in time and space.

A future perspective regards the realization of a web
application for the G4M procedure to make its application
and results accessible to potential users. The original idea is
to implement the procedure so that a potential user can obtain
APWY and HI maps as output of an a posteriori study of the
desired event. Moreover, other tests on different case studies
and different study areas will be undertaken to statistically
evaluate the G4M performances. The applicability of G4M in
near-real time will be studied in depth too, mainly concerning
computational effort, needed data and criteria to raise a
meteorological alert, as a contribute to Decision Support
Systems.
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Abstract

The Laplace equation represents harmonic (i.e., both source-free and curl-free) fields.
Despite the good performance of spherical harmonic series on modeling the gravitational
field generated by spheroidal bodies (e.g., the Earth), the series may diverge inside the
Brillouin sphere enclosing all field-generating mass. Divergence may realistically occur
when determining the gravitational fields of asteroids or comets that have complex shapes,
known as the Complex-boundary Value Problem (CBVP). To overcome this weakness, we
propose a new spatial-domain numerical method based on the equivalence transformation
which is well known in the fluid dynamics community: a potential-flow velocity field and
a gravitational force vector field are equivalent in a mathematical sense, both referring
to a harmonic vector field. The new method abandons the perturbation theory based
on the Laplace equation, and, instead, derives the governing equation and the boundary
condition of the potential flow from the conservation laws of mass, momentum and energy.
Correspondingly, computational fluid dynamics (CFD) techniques are introduced as a
numerical solving scheme. We apply this novel approach to the gravitational field of comet
67P/Churyumov-Gerasimenko with a complex shape. The method is validated in a closed-
loop simulation by comparing the result with a direct integration of Newton’s formula.
It shows a good consistency between them, with a relative magnitude discrepancy at
percentage level and with a maximum directional difference of 5°. Moreover, the numerical
scheme adopted in our method is able to overcome the divergence problem and hence has a
good potential for solving the CBVPs.

Keywords
CFD techniques - Comet 67P/Churyumov-Gerasimenko - Finite Volume Method - Gravi-
tational field modeling - Potential flow

harmonicity). The main problem of physical geodesy is to
establish a gravitational model, on the Earth’s surface and in
the outer space, to the extent made possible by existing data,

1 Introduction

A gravitational field is the influence that a mass body extends
into the space around itself, producing a force on another
mass body. The gravitational field outside the masses has
two important properties: source free and curl free (i.e.,

Z. Yin (>4) - N. Sneeuw
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mathematical analytical tools and numerical computational
tools (Sanso et al. 2012). The analytical solution of the
Laplace equation (e.g., spherical harmonics) plays an impor-
tant role in building advanced geopotential models. The
convergence of spherical harmonics is guaranteed outside
a mass-enclosing reference sphere, also referred to as the
Brillouin sphere (Hobson 2012). However, when it comes to
the gravitational field modeling of complex shaped asteroids
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or comets, the series at points near the surface of the body
might diverge due to the large discrepancy between the
Brillouin sphere and the actual shape of the body, indicating
that spherical harmonics are adequate for representing the
gravitational field of sphere-like bodies rather than those of
complex shaped bodies. In this study, the gravitational field
determination problem for complex shaped bodies is referred
to as complex-boundary value problem (CBVP), which is
still not well solved so far compared to other boundary value
problems, e.g., those solvable by Newton’s formula, Stokes’s
integral and Molodensky’s series.

In the field of computational physics, benefiting from
increasing computer power, Computational Fluid Dynamics
(CFD) techniques developed rapidly in the past decades.
CFD is the analysis of systems involving fluid flow, heat
transfer and associated phenomena by means of computer-
based simulation (Versteeg and Malalasekera 1995). The
fundamental basis of almost all CFD problems are the
Navier-Stokes equations defining single-phase (gas or lig-
uid, but not both) fluid flows. By removing terms or by
setting specific parameters, the equations for the general flow
can be simplified to formulate various fluid flows, among
which the potential flow is an idealized one that occurs in
the case of incompressible, inviscid and irrotational fluid
particles. In particular, the velocity field of potential flow is
harmonic. It is known that the gravitational vector field and
the potential flow velocity field are equivalent in the sense
that both are harmonic fields. For this reason, we propose to
utilize the governing equations of potential flow as well as
CFD techniques to model gravitational fields, especially the
CBVPs. The governing equation of potential flow is adopted
as an alternative to the Laplace equation when modeling the
gravitational field.

This paper mainly has two objectives: (1) to illustrate
the principle and workflow of the new gravitational field
modeling method; (2) to apply the new method to Comet
67P/Churyumov-Gerasimenko (hereafter referred to as
Comet 67P). The two parts are arranged in Sects. 2 and 3,

Z.Yin and N. Sneeuw

respectively. In Sect. 2, first, the principle of the equivalence
transformation is outlined (Sect. 2.1), involving the issues of
the three dimensional potential flow, the CFD techniques and
the pipe transformation; then, the three issues are addressed
in the Sects. 2.2-2.4, respectively. In Sect. 3, a computational
workflow is devised to model the gravitational field of Comet
67P and the result is validated in a closed-loop simulation.

2 Methodology

2.1 Equivalence Transformation

The main idea of our method is based on the equivalence
transformation between the gravitational vector field and
the potential flow velocity field. Table 1 compares the two
physical problems regarding their common and different
points. Although belonging to different research fields, both
vector fields are harmonic, thereby mutually equivalent. The
gravitational vector g and the potential flow velocity vector
v are interchangeable when formulating either vector field.
In the following sections, Sects. 2.2-2.4, we first derive the
mathematical expressions (i.e., the governing equation and
boundary condition) of the potential flow, then introduce the
principle of the CFD techniques exemplified with a pipe
flow, and after that transform the pipe to make it suitable
for the gravitational field modeling. Finally, after substituting
all the velocity terms v with the gravitational terms g in
the derived equations, the framework of our new method is
established.

2.2  Three Dimensional Potential Flow

In this section, we first give the mathematical description
of a general three dimensional fluid flow, and then impose
on them specific constraints (listed in Table 2) to make the
fundamental equations meet the potential flow’s properties.

Table 1 Equivalence and difference between the gravitational field and the potential flow velocity field

Gravitational field

Equivalence Property Source-free and curl-free
Conceptual mapping  Gravitational potential
Gravitational force g
Plumb line
Difference ~ Fundamental theory ~ Perturbation theory

Governing equation  Laplace’s equation

Boundary condition

Solving method

Processing domain Spectral domain

» Fundamental equation of physical geodesy
* Regularity condition at infinity

Spherical harmonics inversion (analytical method)

Potential flow velocity field
Source-free and curl-free
Velocity potential

Velocity v

Stream line

Potential flow theory

« Continuity equation (mass conservation)
* Momentum equation (momentum conservation)

Bernoulli equation (energy conservation)

CFD techniques (numerical method)

Spatial domain
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Table 2 Constraints imposed on a general fluid flow and the corre-
sponding functions

Constraint Function

p =1 kg/m’ Incompressible (constant density)
aar ()=0 Steady state

n=0 Frictionless

B,=0(i=1,273) Body-force free (¥ = const.)

2.2.1 Governing Equation

The governing equations of a general fluid flow can be found
in the textbook written by Versteeg and Malalasekera (1995),
including:

¢ Continuity equation:

9
p—i—V'(pv):O (L
ot
* Momentum equations (Navier-Stokes equations):
d (pv
(ai ) eV (@) =V (uV¥) +B-Vp ()

The above two equations are under Eulerian description
and the variables are functions of space and time: v denotes
the velocity vector comprising the three components vy, v,
and v3; p is density; p is pressure; p is dynamic viscosity
that controls the fluid flow behavior due to friction; B
represents body force (e.g., gravitation, coriolis force or
electromagnetic force). Among these variables, the three
velocity components v;, v, and v3 and the pressure p are
unknowns to solve for (see the SIMPLE algorithm in Sect.
2.3.2). In Eq. (2), the operator ® denotes outer product,
and the outer product of two vectors # and v is a matrix
w given by w; = wu;. With this definition, the second
term on the left hand side of Eq. (2) could be expanded as
follows:

V-(ov®@v)=p(V-v)v+pv-Vy 3)

Applying the constraints listed in Table 2 to Egs. (1)-
(3), one can obtain the governing equations of the three
dimensional potential flow as follows:

Vovy=0

4
v-Vy=-Vp @
2.2.2 Boundary Condition
The Bernoulli equation is a statement of conservation of
energy for an inviscid flow, which implies an increase in the
speed of a fluid simultaneously with a decrease in pressure.
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The Bernoulli equation for unsteady inviscid flows has the
following form

ap v2 p
_ =C 5
8t+2+p+w (5)

where ¢ is the velocity potential, ¥ is the conservative body
force potential defined as V¥ = B, and C is a constant
number. Applied with the constraints of Table 2, Eq. (5)
transforms into the following formula:

p=—1v ©)
2

which holds throughout the flow and is particularly used for

calculating the boundary condition in our method. Note that

the constants involved in the equation reduction process have

been set to zero, and such treatment has no influence on the

final solution.

2.3 CFD Techniques

CFD techniques mainly include four modules: problem iden-
tification, preprocessing, solving and post processing. In
CFD the Finite Volume Method (FVM) is a method for
representing and evaluating partial differential equations in
the form of algebraic equations. Following the textbook
written by Versteeg and Malalasekera (1995), this section
mainly focuses on the basic FVM steps and illustrate with
a three dimensional pipe flow (see Fig. 1a). For clarity, the
illustration uses structured control volumes (CVs) character-
ized by hexahedrons.

2.3.1 Step 1: Grid Generation
The first step in the FVM is to divide the computation domain
into discrete CVs (aka cells, elements) where the variable
of interest (i.e., velocities and pressure) is located at the
nodal point (i.e., the centroid of the CV). Assume there are a
number of nodal points located inside the domain, the faces
of CVs are positioned mid-way between adjacent nodes, and
each node is surrounded by a CV, as demonstrated in Fig. 1.
A system of notation is established as follows. Figure 1b
shows a general nodal point identified by P with six neigh-
boring nodes in a three-dimensional geometry identified as
west, east, south, north, bottom and top nodes (W, E, S,
N, B, T). The lowercase notation, w, e, s, n, b and t are
used to refer to cell faces in the corresponding directions.
The x;-, x,- and x3-components of the coordinate system are
aligned with the directions of WE, SN and BT, respectively.
The distances between two geometrical elements are denoted
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Fig. 1 (a) Discretization of a pipe flow domain. (b) Notations of a finite control volume

as 8xy, 8x5 and 8xj, with the superscripts occupied by the
node or face notations. For example, the distances between
the nodes P and T, between the node P and the face ¢ and
between the faces b and 1, are identified by 8x17, §x{ and
8x§”, respectively. By contrast, the area A of one face ¢ could
be denoted as A’

2.3.2 Step 2: Discretization

A critical operation of the FVM is the integration of the
governing equation (Eq. 4) over a CV to yield a discretized
equation at its nodal point P. For the CV defined in Fig. 1b,
this gives

[VvdV =0
AV

[V vy = [ (- @
AV AV

;’;’l_)dv, (i =1,2,3)

where AV is the integral volume of each cell. The above
equation set represents the flux balance of the mass and the
momentum of the potential flow in a CV. Applying the Gauss
theorem to the left hand side terms of equation set (Eq. 7),

one can obtain
fn-vdA=0

A
[n-(v)da= | (—
A

I g;)dxldedx3 (i =1,2,3)

®)

where n is the unit normal vector of the CV face element dA.
Expanding equation set (Eq. 8) yields

(AV — A"V)) + (A" — A%) + (AT — AMS) =0
9
and
(Aevaf — A“’v1 l ) ( VoVl vf) (10)
+ (A’vévﬁ )= A Apt , (=1,2,3)

Note that in Eq. (10) the unknowns of velocity
components with lowercase superscripts are defined at
the CV faces, rather than at the nodal points where the
final solution should be defined. Therefore, the velocity



Modeling the Gravitational Field by Using CFD Techniques

components at the CV faces must be expressed by those
at the nodal points with a specific interpolation scheme, to
transform Eq. (10) into a linear form solvable by matrix
inversion

alvl =a" v +afvE + aSv + aVvV 1
+aBvP +a"vl — AP ApF, (i=1,2.3) an
where the coefficients of the unknowns still contain unknown
variables (i.e., the velocities at faces). For this reason, an
iterative algorithm is needed to solve this equation system,
which is the main topic of Sect. 2.3.3.

2.3.3 Step 3: Solution of Equations
The discretized momentum equations (Eq. 11) must be set up
at each nodal point in the flow domain; for the nodal points
adjacent to the domain boundaries, boundary conditions can
be incorporated. After constituting the discretized momen-
tum equations for all the CVs, one can solve for the overall
velocities v/ (i = 1,2, 3) and pressure p. At the same time,
the continuity equation (Eq. 9) needs to be satisfied as well.
In CFD, the Semi-Implicit Method for Pressure Linked
Equations (SIMPLE) algorithm developed by Patankar and
Spalding (1972) is a widely used numerical procedure to
solve the Navier-Stokes equations. It is essentially based
on a guess-and-correct procedure. For the details of this
algorithm, please refer to the textbook written by Versteeg
and Malalasekera (1995). The SIMPLE algorithm is an
iterative algorithm and does not stop until the balances of
mass and the momentums of the three velocity components
are satisfied.
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2.4 Pipe Transformation

Up to this point, the harmonic velocity field of a three dimen-
sional pipe flow can be solved with the CFD techniques. To
model the gravitational field of one mass body, the pipe needs
to be transformed following the procedure shown in Fig. 2,
changing into a special pipe that only contains one inlet and
one outlet (Fig. 2g). The inlet is a sphere with its center
located at the center of mass, and the outlet is the surface
of mass. Due to the interchangeability of the gravitational
vector g and the potential flow velocity v, the fundamental
equations of the gravitational field determination problem are
given from Eqgs. (4) and (6) as follows.

* Governing equations:

V-g=0
(12)
g-Vg=-Vp
* Boundary condition:
P="58

Note that only the scalar gravitation is needed to calculate
the boundary value, p. For the inlet (i.e., the outer sphere)
with a radius large enough (denoted as r, usually ten times the
average size of object), the scalar gravitation thereon could
be calculated with the Newton’s formula of gravitation, Gré” s
by approximating the body as a mass point with the total

mass amount of M. For the outlet (i.e., the mass surface),

Fig. 2 Geometrical transformation of a pipe. (a) A normal pipe with an inlet, an outlet and four walls. (g) A pipe only with an inlet and an outlet.
Panels (b—f) demonstrate the intermediate transformation process
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the scalar gravitation could be obtained either by direct
measurement or by integration from an assumed density
distribution.

3 Example: Comet 67P

To validate the new method, we model the gravitational
field of Comet 67P, the target of ESA’s comet-chasing
Rosetta mission. The shape model is developed by ESA’s
Rosetta archive team, consisting of 104,207 faces, matching
NVC image data gathered up to October 2016. The basic
information of the two-lobe comet is given in Table 3 and the
shape model can be downloaded from https://imagearchives.
esac.esa.int/index.php?/page/navcam_3d_models. We con-
duct the case study in a closed-loop simulation. Figure 3
shows the workflow. A CFD solution is derived following our
new method, and, taken as a benchmark, the direct Newton

Input data
[1 CFD solution workflow

Z.Yin and N. Sneeuw

integration sums up gravitational components generated by
point masses (condensed by CV masses onto their centroids),
forming a rigorously harmonic gravitational field. After
about 600 iterations the SIMPLE algorithm converges,
and we obtain the gravitational vector field of Comet 67P
(Fig. 4).

Table 3 Basic information of Comet 67P/Churyumov-Gerasimenko
(ESA 2016)
Size of nucleus:

Overall dimensions 4.34 km x 2.60 km X 2.12 km

Integrated solution workflow

Gravitational vector field
(CFD solution)

Solve with
CFD techniques

Direction difference
—Difference—j

Magnitude difference |

Small lobe 2.50 km X 2.14 km X 1.64 km
Large lobe 4.10 km x 3.52 km X 1.63 km
Mass 1.0 x 1013 kg
Volume 18.0 km?
Density 533.0 kg/m®
Boundary value e -g°/2
of inlet . on sphere
Boundary value S -g%/2
of outlet : on surface i nips
Governing equations il -
Gravitation g

QOuter sphere

on sphere
Gravitational vector field Integrate with 1
(Integral solution) formula g=GM/R’ Calculate
| c Calculate with

E- 7 omet [==== Ll Exterior cells e L
i H i :
i i [ V[ Meshed |
i Exteti . | Discretized | Unstructured Meshed
| xterior region fiesh outer sphere

1 !
L | I |
i : Meshed v
1 1 P Integrate with Gravitation g
i H | MMasS:Surtaces J—formu!a g=6M/&" | onsurface

1
1 1
i i
i 1

5 .
' . ) umscmized Unstructireg Interior cells ' Amount of mass M

Bound | Interior region ;

! | 1 nto mesh e — —
| ; Density i
E ! distribution Center of mass

1
1 1
1 1
i i
; i _

I Radius of a sphere:
E Surface i ; | Lo b P
! | del) -Coluiate— Average Radius Ry alc R=k - Ry
: {Shape model) | ! ‘ {Usually, k = 10)
: i R — I Determing
b e S it ' ]
L

Fig. 3 Workflow of the comparison between the CFD solution and
the Newton integration. Both branches are simulated from two input
data: the shape and the density models. The interior and the exterior

meshes are generated separately. The mass of each interior tetrahedron
is assumed to be condensed as a point mass at the centroid for the
subsequent Newton integration
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Fig. 4 The gravitational vector field of Comet 67P viewed from (a) the top, (b) and (c) the side and (d) the oblique perspective

In order to compare the CFD solution (velocity vectors
denoted as v) and the direct Newton integration (gravitational
vectors denoted as g), we adopt the following two indica-
tors:

e Relative error

Ae

(14)

vl - lg| ‘
8
* Angular difference

AB = arccos (15)

v-g
vl gl

The above two indicators evaluate the magnitude and
the directional differences, respectively, with smaller values
indicating a better consistence of the two solutions. Figure
5 shows the histograms for a total of 457,793 validation
points. The overall magnitude order of the relative errors is
smaller than 10% and the angular difference is within 5°.

Their mean values are 2% and 1.21°, respectively, marked
with red lines in Fig. 5. The comparisons indicate a good
consistence between the CFD solution and the benchmark
solution, thereby proving the good performance of the new
method on solving the CBVPs. However, the numerical error
performance of the new method needs to be investigated as a
further study in the future.

4 Conclusion

A new gravitational field modeling method is proposed in
this research, elaborated from both the theoretical and the
application aspects:

* A new equation set, including the governing equation
(Eq. 12) and the boundary condition (Eq. 13), is derived
from the potential flow theory and is equivalent to the
Laplace equation when expressing the gravitational
field.
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Fig. 5 Histograms of (a) the relative error and (b) the directional difference between the CFD solution and the integrated solution. Red lines mark

the average values of the two indicators

* The CFD techniques are introduced as numerical tools to
solve the new fundamental equation, and a gravitational
field modeling workflow is devised. The gravitational field
generated by Comet 67P is exemplified to validate our
method.

The method is dedicated to solving gravitational fields
numerically, with the advantage of circumventing the per-
turbation theory, the basis of the methods using the Laplace
equation. From both theoretical and practical point of view,
this new method has a good performance on solving Com-
plex Boundary Value Problems, overcoming the divergence
problem of conventional approaches.
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Abstract

Advancements in the Global Geodetic Observing System (GGOS) have enabled us to
investigate the effects of lateral heterogeneities in the internal Earth structure on long-term
surface deformations caused by the Glacial Isostatic Adjustment (GIA). Many theories
have been developed so far to consider such effects based on analytical and numerical
approaches, and 3D viscosity distributions have been inferred. On the other hand, fewer
studies have been conducted to assess the effects of lateral heterogeneities on short-term,
elastic deformations excited by surface fluids, with 1D laterally homogeneous theories
being frequently used. In this paper, we show that a spectral finite-element method is
applicable to calculate the elastic deformation of an axisymmetric spherical Earth. We
demonstrate the effects of laterally heterogeneous moduli with horizontal scales of several
hundred kilometers in the upper mantle on the vertical response to a relatively large-
scale surface load. We found that errors due to adopting a 1D Green’s function based
on a local structure could amount to 2-3% when estimating the displacement outside
the heterogeneity. Moreover, we confirmed that the mode coupling between higher-degree
spherical harmonics needs to be considered for simulating smaller-scale heterogeneities,
which agreed with results of previous studies.

Keywords
Finite element method - GGOS - Lateral heterogeneity - Mass redistribution - Surface
loading

1 Introduction

A surface-loading response is a geophysical process that

Y. Tanaka (2-9) describes deformation of the solid Earth due to variations in
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surface fluids including the atmosphere, ocean, continental
water and ice sheets. Short-term responses to these loads are
usually modeled by elastic deformation. Farrell (1972)’s the-
oretical framework based on Green’s function (GF) method
is well known. Mathematically, it enables us to estimate
local as well as global scale elastic deformations of a self-
gravitating, layered sphere to a load applied at the surface of
the Earth.

On the other hand, long-term responses of the Earth
caused by the GIA have been modeled by viscoelastic
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relaxation. A number of authors have developed theoretical
models for laterally homogeneous (e.g., Peltier 1974) and
heterogeneous (e.g., D’ Agostino et al. 1997; Kaufmann and
Wolf 1999; Wu 2002) cases (see the review by Whitehouse
(2018) for more details). The authors of this paper also
developed a computational method in which 3D viscosity
distributions and variations in the gravitational field are
naturally treated on a global scale (Martinec 2000; Klemann
et al. 2008; Tanaka et al. 2011). In particular, accompanied
with the advancement in numerical computational ability,
increasingly more models that consider a 3D heterogeneous
internal structure of the Earth have been presented to
interpret the deformations and gravity changes detected
by GGOS. For example, Milne et al. (2018) estimated the
effects of a horizontally varying thickness of the lithosphere
(and thus large lateral viscosity contrasts) on the GIA in
Greenland with a finite volume formulation.

Compared with the case of viscoelastic relaxation, rela-
tively few studies have assessed the effects of 3D hetero-
geneous structures on elastic responses to a load, probably
due to the fact that lateral heterogeneities in elastic constants
and the density are much smaller than those in viscosity
and harder to detect by observations. Ito and Simons (2011)
employed GF for the 1D structure to constrain local density
and elastic structure, analyzing ocean loading observed by
the global navigation satellite systems. Dill et al. (2015)
approximately estimated the effects of lateral heterogeneities
on elastic responses to atmospheric and hydrological loads,
using local GF for the 1D structure of the respective crustal
structure below the load. More details about theoretical mod-
els of elastic surface loading and sensitivity studies regarding
Earth structure parameters in past studies are summarized in
Martens et al. (2016).

In the present paper, we report that the abovementioned
method developed for considering 3D viscosity distribution
(Tanaka et al. 2011) can be modified to take into account
lateral heterogeneities in elastic constants. Preliminary com-
putation results are presented that demonstrate the effects of a
large-scale (400-1,600 km) heterogeneity on surface vertical
displacement. Furthermore, we investigate the effects of
mode coupling on the elastic response as Wu (2002) did for
the viscoelastic response.

2 Method
2.1 A Theory of Elastic Response in the 1D
Earth Structure

The governing equations for an initially hydrostatic, self-
gravitating, layered sphere consist of a quasi-static equilib-
rium of stress, Poisson’s equation and a strain-stress relation

Y. Tanaka et al.

for the isotropic elastic material (Farrell 1972; Tanaka et al.
2011):

V-t —poVe1 + V- (pou) Voo — V (pour - Vepo) = 0 (1)

V2¢, + 4GV - (pou) = 0 )
t=AV-u)l +2ue 3)
e = ; (Vu + V'u) 4)

where the subscripts O and 1 denote the reference state
and the perturbation, respectively, and G, I and e are the
gravitational constant, the second-order identity tensor and
strain tensor, respectively. The boundary condition comprises
increments of normal stress and gravity potential due to a
surface load. The density po and elasticity constants A and
u depend only on radial distance r. By applying a spherical
harmonic expansion of stress <, displacement u and the
gravity potential ¢, angular dependencies are completely
separated by the orthogonality of spherical harmonics, and
a differential equation with respect to r is obtained. This
equation is numerically solved, and GF for a point-mass load
dependent on r and 6 (angular distance from the load) is
obtained by summing spherical harmonics. A Heaviside-type
source time function is often used. Since the inertial term
is neglected in the governing equation, GF instantaneously
jumps at t = 0 and becomes constant at 7 > 0:

o 2], Py (eos )

J

5)

[Mv v]r=a =

where u and v are vertical and horizontal displacements,
respectively; j, a, M and Pj(cosf)) represent spherical har-
monic degree, Earth’s radius and mass, and Legendre func-
tion, respectively; h; and /; denote the load Love numbers.

2.2 Modification for the 3D Elastic Case

Tanaka et al. (2011) solve a viscoelastic problem when the
above strain-stress relation is replaced by Maxwell rheology:

d d 1
t= f- # T— trl (6)

dt dt n 3
E=N(V-u)I +2ue (7)

where 7 is 3D viscosity dependent on (r,6,¢) and the
superscript E means an elastic part. The density and elasticity
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constants are still radially symmetric. In contrast to the elas-
tic case, a transient deformation occurs for ¢ > 0. Discretizing
the above equation with respect to the time derivative, we
have

‘ti+l — TE,i-H 4 TV’i (8)

and

VBt — ooV T+ V- (oo 1) Vo —
= —V .

V (oou' ™! - Vo)
i
)

where i is the index representing time step, and f denotes
a force representing the surface boundary condition. The
variational equality, which is constructed to apply a finite-
element method, can be written as

SEi+l — SF;,‘“ + 8Fl+1

surf

(10)

(eq. (11) of Tanaka et al. 2011). The left-hand side includes
the energy functionals associated with elastic deformation,
self-gravitation and uniqueness of the solution, and the right-
hand side corresponds to the viscous dissipation and the
surface boundary condition. To be more specific, the energy
functionals related to bulk and shear deformations and the
dissipation are written as

SEIH = fvx(v YV - Sw)d v, (11)
SELL, =2 (e -se)dv., (12)
8Fji =~ (" 8e)av. (13)

where V denotes the volume of a sphere. At the first time step
(i=0),38F ij is set to zero, and the instantaneous elastic
response is obtained from Eq. (10), which agrees with Far-
rell’s result. At i = 1, the dissipation term is computed with
help of the solution at i = 0. In the following time steps, the
dissipation term is evaluated with the solution at the previous
time step, and the contribution of the boundary condition at
the present time step drives the elastic deformation at the
present time step i + 1.

As in the elastic case, a spherical harmonic expansion
of 8E't 1 and 8 F S’+ gives a differential equation regarding
r. This equation is numerically solved by applying a 1D
finite-element representation. However, the dissipation term
includes 3D viscosity, and the orthogonality of spherical
harmonics do not simplify this term as for a 1D case.
Therefore, the integration with respect to 6 and ¢ is evaluated
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numerically using the Gauss-Legendre quadrature and fast
Fourier transform. This approach, which combines the 1D
finite elements and tensor spherical harmonics, allows us to
model viscoelastic deformations of the whole sphere with
a natural treatment of self-gravitation. No constraints to
suppress artificial translations are necessary.

We now consider a 3D heterogeneity in the rigidity. To
explain the essence of the method, we write only the term
associated with the shear deformation on the left-hand side

of Eq. (10):
-,

In the elastic case, the viscous dissipation does not occur.
Therefore, the elastic response is obtained by solving

-8e)dV +8F' 1.

i+1
SE surf "

shear

(14)

8F1+1

surf*

8E1+1

shear —

5)

We decompose the rigidity on the left-hand side into the
spherically symmetric part and residual. Then, we have
SELF! = [,2u0(r) (' - 8e)dV

. (16)
+fV2A/L (r, 0, 9) (s’+1 . 83) dv.

Transferring the residual part into the right-hand side of
Eq. (16) yields

[y2u0(r) (611 -8e)dV
=—[,2An(r.0.¢) (sH'l -83) dV + 8§FiTL

surf "

A7)

We note that Eq. (17) coincides with Eq. (14) for the
viscoelastic case of Ay = 0 if we replace t¥*' in Eq.
(14) by 2Apue' ™1, Now, we replace the time index i + 1
in 2Ape’ ! to i. However, the elastic response must be
constant in time so that the solution should not depend on
i. Here, we change the meaning of i from a time step to a
number of iterations. It follows that, for i = 0, the elastic
deformation caused by the spherically symmetric part is
obtained. For i = 1, the elastic solution is corrected for
the contribution from the residual part, which is estimated
using the solution for i = 0. Because Ap is assumed to be
significantly smaller than po, the correction term decreases
with iterations. We confirmed that the computational results
presented in the later section converge within 0.1% after
4-5 iterations. Heterogeneities in the bulk modulus can be
considered in a similar manner:

Jyro (V-u'*th) (V-SuydV
=—[,AAV -u')(V - Su)dV + 8F F1.

surf "

(18)
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Table 1 Earth structure models used for the comparisons

Model Remark Al or Al r (km) 0 (degree)
A 1D (PREM) +0% 0-6,371 0-180
B 1D +10% 5,701-6,371 0-180
C1 2D +10% 5,701-6,371 04

C2 2D +10% 5,701-6,371 4-8

C3 2D +10% 5,701-6,371 12-20

D 2D +10% 5,701-6,371 0-16

The numbers represent the relative differences in the elastic constants
with respect to the PREM

23 The Load and Earth Models
We employed a disk load with relatively large-scale mass
redistributions detectable with satellite gravity missions such
as GRACE and GRACE-FO (https://gracefo.jpl.nasa.gov/).
Cut-off degree of the spherical harmonics was set to 300. To
investigate the behavior of GFs obtained for different Earth
models, a unit mass (1 kg) was applied at 0" < 6 < 8°/16°.
Table 1 shows the Earth structure for models A, B, C1-
C3 and D. In model A, the density and elastic constants
of PREM (Dziewonski and Anderson 1981) is employed
with those of the ocean being replaced by that of the crust.
We consider 2D heterogeneities as a first step, where the
model parameters for C1-C3 and D are axisymmetric, i.e.,
dependent on r and 6. It follows that computed GF is also
independent of the azimuth. The scales of the heterogeneities
were set to 4 — 16° in the horizontal direction and 670 km
in the depth. A 10% increase in the elastic constants corre-
sponds to a ~5% decrease in seismic wave velocities, which
is possible in a plate subduction zone. Because the primary
purpose of this paper is to report that our previous method is
applicable to a laterally heterogeneous elastic deformation,
we show results for only these limited Earth models.

2.4  Validation

The computational scheme for the laterally homogeneous
part was already validated using independent methods
(Spada et al. 2011; Tanaka et al. 2011). To confirm the above
presented method, we computed the displacements for model
B in two different ways. Model B is radially symmetric, so
we can compute the elastic response using the method of
Tanaka et al. (2011) directly (i.e., we solve the viscoelastic
equation for i = 0 (Eq. 10)). We compared this result with
that obtained by the proposed iteration method. The number
of the 1D finite elements in the vertical direction is 516. The
differences in the load Love numbers become smaller than
0.1% after 4-5 iterations, and this outcome is practically
sufficient.

Y. Tanaka et al.

3 Results and Discussions

Effects Due to the Distribution
of Lateral Heterogeneity

3.1

Figure 1 displays the vertical responses to the disk load of
radius 8 for models A, B and C1. We see that the subsidence
for model B is smaller than that for A, reflecting that the
bulk/shear modulus of the upper mantle for model B is 10%
larger than that for A. The difference in the displacements
are a few percent where the load is distributed (6 < 8°). In
model C1, the upper mantle is harder by the same amount but
for @ < 4° only. The displacement for model C1 agrees with
that for model B nearer the center of the load. Outside the
region, where the local heterogeneity is considered, the result
for C1 coincides with that for model A. For 3° < 0 < 50, the
response for C1 is located between the other two curves. This
transitional behavior due to the local heterogeneity agrees
with our intuition. This result also means that, when we
employ a 1D GF that assumes a local structure below the
center of the load to estimate the vertical displacement, a
relative error up to 3% can occur in the area of 4° < 6 < 8.

The next example shows the cases where the hetero-
geneities are given outside the disk load. The left and right in
Fig. 2 show the cases where a local heterogeneity is given as
aring structure at 8° < # < 12° (C2)and 12° < 6 < 20° (C3),
respectively. In contrast to the cases in Fig. 1, the results
for C2 and C3 are almost identical to the result for model
A, indicating that the effects of the farther heterogeneities
are much smaller than those in the cases of Fig. 1, where
the heterogeneities are considered below the load. To see the
effects in more detail, the differences between the results for
C2/C3 and A are magnified (solid black curves). Comparing
the displacements in the left and right figures, we note that
the relative difference from model A decreases when the
location of the local heterogeneity is farther from the load.
This result indicates that lateral heterogeneities nearer the
load affect the surface vertical deformation more strongly.
This is understood from the fact that the integrand of the first
term on the right-hand side of Eqs. (17) and (18) becomes
largest when the location of the heterogeneity agrees with
the area where the strain change is larger (i.e., near the
load). Moreover, if we employ a 1D GF that assumes a local
structure in a far field to estimate the vertical displacement
near the load, an error of 3% can occur at maximum (dashed
curves).

3.2 Some Remarks on Mode Coupling

In the presence of lateral heterogeneities, coupling between
spheroidal and toroidal modes generally occurs. However,
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Fig. 1 Normalized vertical
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displacements for models A
(red), B (green) and C1 (blue)
when the bulk and shear moduli
are considered laterally
heterogeneous, respectively.
Subsidence is positive and
normalization is to central
displacement of model A. The
horizontal axis denotes the
angular distance measured from
disk center. The near-load region

subsidence—>

is magnified on the right, where
the dashed lines denote the
difference of C1 from B relative
to the maximum displacement of
B (the right vertical axis). The
black and white thick bars denote
the angular extension of the load
and the elastic heterogeneity,
respectively
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Fig. 2 The same as in Fig. 1 but
for models C2/C3 (left/right). A
The blue curves (C2/C3) almost
coincide with the red ones (A).
The solid black lines denoting the
difference of C2/C3 from A are
amplified by a factor of 10
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the toroidal mode is not excited for a case where both
the load and the heterogeneity are axisymmetric (Martinec
and Wolf 1999; Wu 2002). The fact that the toroidal mode
becomes zero can be confirmed also in our formulation. The
contribution of mode coupling is evaluated by the integral
of the first term on the RHS of Egs. (17) and (18). As
a result of the first iteration, only the spheroidal mode is
excited by the load, which enters into the strain tensor in
the integrand on the RHS. Then, the coefficients of strain-
tensor variations in the weak formulation for the toroidal

‘ T — : :
16 20 0 4 8 12 16 20

0(degree)

mode vanish. (W, = Fj,, = Hj,, = 0 in eqs. (88-92) and
(A,B,CO)y = (B,C)gy = 0in (103) of Martinec (2000) and
the coefficients of 8¢ and 8¢* become zero. See also the
description below eq. (110) of the same paper.) Accordingly,
only the coupling between spheroidal modes has to be
discussed.

In Figs. 1 and 2, all the modes up to the cut-off degree
of 300 were considered. By reducing the maximum degree
in the abovementioned integral for evaluating the mode cou-
pling, we investigated how the solution changed. Figure 3a, b
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Fig. 3 The vertical (a) C1-A (b) D-A
displacements for various cut-off
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shows results for a disk load of radius 8" with two different-
scale heterogeneities in the shear modulus. We see from
Fig. 3a that summing the modes up to degree 40 gives a
good approximation of the case where the coupling is fully
considered. The spherical degree 40 corresponds to a half-
wavelength of 500 km, which is comparable to the spatial
size of the heterogeneity. When the size of the heterogeneity
is larger, the result for degree 20 almost coincides with
those for higher degrees (Fig. 3b). This tendency agrees with
the finding of Wu (2002) that mode coupling for higher
spherical degrees is necessary to consider to reflect a smaller-
scale heterogeneity. Figure 3c, d shows the results for a
disk load of radius 16°. Comparing Fig. 3¢ with a, where
the size of heterogeneity is relatively small compared with
the disk radius, the convergence of the solution due to the
change in the maximum degree does not strongly depend
on the size of the load. On the contrary, when the size of
heterogeneity is relatively large, we can see a significant
difference in a required number of modes to achieve a good
approximation (Fig. 3b, d). This result indicates that the role
of the mode coupling depends both on the sizes of loads and
heterogeneities, which is also consistent with Wu (2002).

4 Conclusions

We have shown that the spectral finite-element approach is
applicable to quantify the effects of laterally heterogeneous
elastic constants to surface loading. Preliminary results indi-
cate that the behavior of the elastic vertical response obtained
for different structures is in agreement with our intuition,

implying that the lateral heterogeneities are considered cor-
rectly by the proposed method. We found that the relative
importance of the laterally heterogeneous structure varies
according to a distribution of the local heterogeneity with
respect to the load location. In particular, the heterogeneities
below the load affect the surface deformation more strongly
than those below the regions away from the load, which
supports the assumption made in the local GF approach (Dill
et al. 2015). The errors caused by using a 1D GF based
on a local structure can amount to 3% when estimating
the vertical displacement outside the heterogeneity for the
assumed change of elasticity by 10%. Also, we confirmed
that the behaviors of mode coupling are consistent with those
found by previous studies.

Anomalies in seismic wave velocity are related to changes
in structure and thermodynamic state (e.g., Karato 2008),
and consequently correspond also to heterogeneity in density
(e.g., Ding and Chao 2018). Since lateral heterogeneities
in density are not considered in the presented method, we
will extend it to more general 3D cases including lateral
heterogeneities in the density so that we can investigate
the effects of laterally heterogeneous structures on surface
loading, using GGOS data and realistic loads in a future
study.

Acknowledgements We appreciate valuable comments from two
anonymous reviewers. This work was initiated when YT was visiting
the GFZ German research center, and he acknowledges the hospitality
of the institute, and, through VK, contributes to the Helmholtz project,
“Advanced Earth system Modelling Capacity (ESM)”. This study was
partly supported by JSPS KAKENHI Grant Numbers JP15K17746,
JP16H02219 and JP16H06474.



Surface Loading of a Self-Gravitating, Laterally Heterogeneous Elastic Sphere: Preliminary Result for the 2D Case

References

D’Agostino G, Spada G, Sabadini R (1997) Postglacial rebound and
lateral viscosity variations: a semi-analytical approach based on a
spherical model with Maxwell rheology. Geophys J Int 129:F9-FI3

Dill R, Klemann V, Martinec Z, Tesauro M (2015) Applying local
Green’s functions to study the influence of the crustal structure on
hydrological loading displacements. J Geodyn 88:14-22

Ding H, Chao BF (2018) A 6-year westward rotary motion in the Earth:
detection and possible MICG coupling mechanism. Earth Planet Sci
Lett 495:50-55

Dziewonski AM, Anderson A (1981) Preliminary reference Earth
model. Phys Earth Planet Inter 25:297-356

Farrell WE (1972) Deformation of the Earth by surface loads. Rev
Geophys 10:761-797

Ito T, Simons M (2011) Probing asthenospheric density, tempera-
ture, and elastic moduli below the western United States. Science
332:947-951. https://doi.org/10.1126/science.1202584

Karato S (2008) Deformation of earth materials: an introduction to the
rheology of the solid earth. Cambridge University Press, Cambridge,
p 463

Kaufmann G, Wolf D (1999) Effects of lateral viscosity variations on
postglacial rebound: an analytical approach. Geophys J Int 137:489—
500

Klemann V, Martinec Z, Ivins ER (2008) Glacial isostasy and plate
motions. J Geodyn 46:95-109

163

Martens HR, Rivera L, Simons M, Ito T (2016) The sensitivity of
surface mass loading displacement response to perturbations in the
elastic structure of the crust and mantle. J Geophys Res Solid Earth
121:3911-3938. https://doi.org/10.1002/2015JB012456

Martinec Z (2000) Spectral-finite element approach to three-
dimensional viscoelastic relaxation in a spherical Earth. Geophys J
Int 142:117-141

Martinec Z, Wolf D (1999) Gravitational viscoelastic relaxation of
eccentrically nested spheres. Geophys J Int 138:45-66

Milne GA, Latychev K, Schaeffer A, Crowley JW, Lecavalier BS,
Audette A (2018) The influence of lateral Earth structure on glacial
isostatic adjustment in Greenland. Geophys J Int 214:1252-1266

Peltier WR (1974) The impulse response of a Maxwell Earth. Rev
Geophys Space Phys 12:649-669

Spada G, Barletta VR, Klemann V, Riva REM, Martinec Z, Gasperini P,
Lund B, Wolf D, Vermeersen LLA, King MA (2011) A benchmark
study for glacial isostatic adjustment codes. Geophys J Int 185:106—
132

Tanaka Y, Klemann V, Martinec Z, Riva REM (2011) Spectral finite-
element approach to viscoelastic relaxation in a spherical compress-
ible Earth: application to GIA modeling. Geophys J Int 184:220-234

Whitehouse PL (2018) Glacial isostatic adjustment modelling: histori-
cal perspectives, recent advances, and future directions. Earth Surf
Dyn 6:401-429

‘Wu P (2002) Mode coupling in a viscoelastic self-gravitating spherical
Earth induced by axisymmetric loads and lateral viscosity variations.
Earth Planet Sci Lett 202:49-60


http://dx.doi.org/10.1126/science.1202584
http://dx.doi.org/10.1002/2015JB012456

®

Check for
updates

Corinna Harmening and Hans Neuner

Abstract

The increased use of areal measurement techniques in engineering geodesy requires the
development of adequate areal analysis strategies. Usually, such analysis strategies include
a modelling of the data in order to reduce the amount of data while preserving as much
information as possible. Free form surfaces like B-splines have been proven to be an
appropriate tool to model point clouds. The complexity of those surfaces is among other
model parameters determined by the number of control points. The selection of the
appropriate number of control points constitutes a model selection task, which is typically
solved under consideration of parsimony by trial-and-error procedures. In Harmening and
Neuner (J Appl Geod 10(3):139-157,2016; 11(1):43-52,2017) a model selection approach
based on structural risk minimization was developed for this specific problem. However,
neither this strategy, nor standard model selection methods take correlations into account.
For this reason, the performance of the developed model selection approach on correlated
data sets is investigated and the respective results are compared to those provided by a
standard model selection method, the Bayesian Information Criterion.

Keywords
B-spline surfaces - Correlated point clouds -
Structural risk minimization - VC-dimension

Model selection - Point cloud modelling -

One of the major challenges is the development of appro-
priate deformation analysis strategies which are able to deal
with the huge amount of data. When developing areal anal-

1 Introduction

With the development of the terrestrial laser scanner (TLS)
a measuring instrument which allows a fast, efficient and
contactless data acquisition moved into focus of engineering
geodesy (Heunecke et al. 2013). The acquired data is of
high spatial and temporal resolution and, therefore, forms
an excellent basis to solve engineering geodetic tasks like
geometric state descriptions or spatio-temporal deformation
analyses. However, despite of its many advantages, the use
of laser scanners also holds new challenges (see for example
Mukupa et al. 2016 or Holst and Kuhlmann 2016).
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ysis strategies, the choice is between five possible ways to
handle point clouds with respect to a subsequent deformation
analysis (Ohlmann-Lauber and Schifer 2011).

Among them, a frequently used strategy is geometry-
based. It includes a geometric modelling of the point clouds
in order to reduce the amount of data while preserving as
much information as possible. Applications of the geometry-
based approach using geometric primitives like planes or
cylinders can be found in Erdélyi et al. (2017), Lindenbergh
and Pfeifer (2005) or Vezocnik et al. (2009). However,
when applying this approach to complex structures like
domes, arch bridges or even natural objects, flexible math-
ematical functions are required. Free form surfaces like B-
splines have been proven to be particularly suitable to model
laser scanner point clouds (see for example Harmening and
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Neuner 2015, Ioannidis and Valani 2006 or Paffenholz et al.
2017).

B-spline surfaces gain their flexibility due to a vari-
ety of parameter types which have to be determined in
an appropriate way. The focus of this contribution lies
on the determination of the optimal number of control
points which influence the B-spline’s complexity to a large
extent. Usually, this parameter type is chosen quite arbitrar-
ily by intuitive trial-and-error-procedures, finding a balance
between the surface’s parsimony and its approximation qual-
ity.

In this contribution the performance of structural risk
minimization with regard to the choice of the optimal number
of B-spline control points is compared to that one of the
Bayesian Information Criterion. Both approaches assume
identically and independently distributed (iid) data. As this
requirement is not met in reality, the influence of correlations
in the data sets on the respective results is furthermore
investigated.

The article is structured as follows: Sect.2 gives a short
overview of the estimation of B-spline surfaces. In Sect. 3
the task of model selection is introduced using the exam-
ple of B-spline curves with different numbers of control
points. The general principles of model selection and two
possibilities to implement them (the Bayesian Information
Criterion and Structural Risk Minimization) are described.
Both approaches are applied to the estimation of B-spline
surfaces in order to determine the optimal number of control
points in Sect.4. The results are analysed, evaluated and
compared. Finally, a conclusion is drawn and an outlook is
given in Sect. 5.

2 Estimation of B-Spline Surfaces

A B-spline surface of degrees p and ¢q is defined by Piegl and
Tiller (1997):

np mp

S.v) =YD Nip,WN,; 4(v)P;. (1)

i=0 j=0

According to Eq. (1), a surface point é(u, v) is located on the
surface by the surface parameters # and v and is computed
as the weighted average of the (np + 1) x (mp + 1)
control points P;;. The corresponding weights are defined by
the functional values of the B-spline basis functions N; ,(u)
and N; ,(v) which can be recursively computed by means
of the Cox-de-Boor-algorithm (see Cox 1972; Boor 1972).
Two knot vectors U = [ug,...,u,] and V = [vy, ..., vs]
in direction of the surface parameter # and v respectively
split the B-spline’s domain into knot spans. This subdivision
of the B-spline’s domain leads to the property of locality,
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meaning that the shifting of one control point changes the
surface only locally.

The tensor product representation of a B-spline surface
given by Eq. (1) illustrates the relationship between B-spline
surfaces and B-spline curves: Due to the product of two one-
dimensional basis functions depending on different param-
eters u and v respectively, the surface consists of an infinite
number of B-spline curves running in two different directions
(given by u and v).

When determining an optimal B-spline surface, usually,
only the location of the control points is estimated in a linear
GauB3-Markov model. In order to obtain a linear relationship
between the / observations 1 = Si(u, v) with (k = 1,...1)
and the unknown control points P;;, the B-spline’s knots as
well as its degrees are specified a priori. In this study, the use
of cubic B-splines with p = 3 and g = 3 is applied as this is
a generally accepted choice due to their C2-continuity (Piegl
and Tiller 1997). Methods for determining appropriate knot
vectors can be found in Piegl and Tiller (1997), Schmitt and
Neuner (2015) or Bureick et al. (2016).

Another prerequisite for the estimation of the control
points’ location is the allocation of convenient surface
parameters u and v to the observations (cf. Harmening and
Neuner 2015).

3 Model Selection

3.1 Problem Definition

The remaining parameter type to be specified prior to the
estimation of the control points’ location is the number of
control points (np + 1) x (mp + 1). The importance of an
appropriate choice is demonstrated in Fig. | for the case of
B-spline curves. Due to the B-spline surface’s composition
of B-spline curves this motivation can be straightforwardly
extended to surfaces.

Figure 1 shows a simulated noisy point cloud (blue points)
which forms the basis for the estimation of three B-spline
curves with different numbers of control points. The more
control points are estimated, the more complex the curve
becomes and the better it approximates the data in terms of a
smaller sum of squared residuals.

However, although the black curve with 30 control points
leads to the smallest sum of squared residuals, it is much too
complex and, therefore, not able to separate the noise from
the actual phenomenon; this model has a large variance as it
overfits the data by encoding noise in the estimated control
points (Cherkassky and Mulier 2007).

In contrast, the green curve with only four control points
is too inflexible to model the complete phenomenon. Such
models have a large bias, they underfit the data (Burnham
and Anderson 2002).
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Fig. 1 B-spline curves with
different numbers of control
points np + 1

The choice of the optimal number of control points thus
corresponds to the finding of a balance between simplicity
(small variance, large bias) and complexity (small bias and
large variance), which is known as the bias-variance trade-
off (Cherkassky and Mulier 2007). Information criteria and
structural risk minimization are tools which find an optimal
model by implementing this trade-off. Both follow the prin-
ciple of parsimony, which states that a good model should
approximate the phenomenon as well as possible while it is
as simple as possible (Burnham and Anderson 2002).

3.2 Model Selection by Means of the

Bayesian Information Criterion

The common tools to find a trade-off between a model’s
approximation quality and its simplicity are information
criteria. Based on a set of candidate models these information
criteria evaluate each model according to an optimality
criterion and choose that model to be optimal which achieves
the best score (Burnham and Anderson 2002).

The Bayesian Information Criterion (BIC), which was
introduced by Schwarz (1978), is one of the most popular
information criteria and is defined to be

BIC = —21log(£(8|data)) + log(/)K. 2)

The first part of the criterion, the log-likelihood of the
estimated model parameters ] given the data set of size /,
evaluates the approximation quality of the respective model.
As the approximation quality increases with a growing num-
ber of model parameters, the second term penalizes an
increase of the model’s complexity in terms of the number
of estimated model parameters K.

The BIC chooses that model to be optimal which is
a posteriori the most likely (Cavanaugh and Neath 1999)
and is based on the assumption that the true dependency is
contained in the set of candidate models. Thus, it belongs to
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the class of asymptotic consistent criteria which identify the
correct model with probability of 1 in the asymptotic case.

Although information criteria are a standard tool in model
selection, they have some disadvantages: They are only
applicable to linear models, their known properties are valid
only for the asymptotic case and the specification of a func-
tion’s complexity in terms of the number of free parameters is
not adequate for every function type (Cherkassky and Mulier
2007).

3.3 Model Selection by Means of Structural

Risk Minimization

These drawbacks demand for an alternative which can be
found in statistical learning theory (SLT). SLT provides a
theoretical framework for the estimation of functional depen-
dencies from a given set of data (Vapnik 1999). In contrast to
model selection, SLT describes function estimation in finite
samples and takes explicitly the sample size into account.
Furthermore, SLT can also be applied to nonlinear models
(Cherkassky and Mulier 2007).

The general learning problem of SLT aims to select that
function g(x,#y) from a set of functions g(x, #), which
approximates the dependency between input vector X and
output vector y in an optimal manner (Cherkassky and Mulier
2007). This task includes the choice of the optimal function
type g as well as the choice of the optimal parameters 6 o. The
quality of this approximation is measured by a loss function
L(y, g(x, 0)) whose expectation w.r.t. the data

R(0) = / L(y. g(x.0)) dP(x.y). 3)

is minimized by the optimal function g(x, (). Due to the
unknown joint probability density of the data dP(x,y), the
risk functional (3) cannot be computed and the minimization
of the true risk is usually replaced by the minimization of the
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empirical risk
1
Remp(8) = | lZL(yi,g(xi, 0)). @)

The computation of the empirical risk is based on the iid
training data (X, y) as a finite realization from dP (x,y) and,
thus, is an approximation of the true risk in Eq. (3).

Structural risk minimization (SRM) gives an answer to the
question how well the empirical risk approaches the true risk
in case of finite sample sizes: According to Vapnik (1998)
the true risk is bounded by the empirical risk with probability
1 — n as follows:

Remp(0)
R(9) < ? = Ry, 5
with
! _
Y h(ln, + 11) ln(n/4)' ©
and

. 4
n:mm(\/l,l). 7

The bound defined by Eq. (5) is a function of the sample size
[ and the VC-dimension /& which is an essential tool in SLT
as it describes the complexity of a set of functions without
explicitly taking the number of free parameters into account
(Vapnik 1998). It is defined to be the maximum number
of samples which can be separated in all possible ways by
the set of functions (cf. Fig.2). The VC-dimension cannot
analytically be determined in case of the majority of function
classes, but there exists a general procedure for estimating
the VC-dimension (Vapnik et al. 1994).

Given a set of candidate models and being able to esti-
mate the respective VC-dimensions, SRM uses the bound
in Eq.(5) to choose that model to be optimal which has
minimal structural risk Rj;,. As this implies a minimization
of the empirical risk and a simultaneous controlling of the
function classes’ complexity, SRM implements the principle
of parsimony (Vapnik 1999).

C. Harmening and H. Neuner
34 Choosing the Optimal Number
of B-Spline Surface Control Points
by means of SRM

Although the general SRM procedure to choose an optimal
model is straightforward, the application to the determina-
tion of the optimal number of control points implies one
difficulty: In order to estimate the VC-dimension of B-spline
surfaces, they have to be used as classifiers, or, in other
words, they have to be used as discrete approximators instead
of continuous ones as in their original definition (cf. Vapnik
et al. 1994).

A detailed derivation of the B-spline classifier used in the
following can be found in Harmening and Neuner (2016,
2017). It s strongly oriented on the Support Vector Machines
(SVM, Vapnik 1998) and is based on the following main
ideas:

— The B-spline classifier is based on linear decision bound-
aries. Thus, the classification problem benefits from all
advantages of linear optimization.

— However, as the functional relationship of B-splines con-
tains non-linearities due to the necessity to estimate sur-
face parameters, knot locations and control points, the
classifier has to be able to deal with them. By implement-
ing a mapping of the input space into a high dimensional
feature space, linear decision boundaries in this feature
space result in non-linear decision boundaries in the input
space.

— The problem of increased dimensionality due to the fea-
ture space transformation is solved by making use of the
kernel trick. This trick allows to indirectly compute the
inner product of two feature space vectors Xrs by using a
Kernel function K and the original and low-dimensional
input vectors X:

K(Xs XT) = (XFS7 X;S)' (8)
The respective B-spline kernel is given by

K(“m Vs, Uz, vt) =
n m

ZZNi,p(us) Nj,q (Us)'Ni,p(Mt)Nj,q(vt)- 9

i=0 j=0

Fig. 2 A 2D-line can separate a set of three points in all possible ways, whereas there exists a formation of four points which cannot be achieved
by a separating 2D-line. Thus, the VC-dimension of a 2D-line equals 4 = 3
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— The application of the kernel trick requires an optimiza-
tion problem in which the input vector appears solely in
form of the inner product (see Eq. (8)). The loss function
of the ridge regression

/
L=y ¢&+7l0rs]

i=1

is an extension of the sum of squared residuals by a regu-
larization term, which restricts the length of the estimated
parameter vector 6 rg.

The dual solution of this optimization problem

a = [XpsXFg) + ALy

meets the requirement demanded above.

Based on these developments the optimal number of control
points can be determined as sketched in Fig. 3:

— Approximation of the point cloud by means of B-spline
surfaces with varying number of control points, yielding
the empirical risk R, of each B-spline surface (Eq. (4)).

‘
nptl=7?
(mp+1=2)

==

Remp, k hk
_ v

v
Ry, R

Y "4

str,?

Fig. 3 Structural risk minimization to determine the optimal number
of B-spline control points
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— Estimating the VC-dimension of each of the used B-spline
surfaces according to Vapnik et al. (1994) and using the
B-spline classifier developed in Harmening and Neuner
(2016).

— Computing the structural risk Ry, of each B-spline sur-
face according to Eq. (5).

— Choosing the B-spline surface with the minimal structural
risk to be the optimal one.

4 Choosing the Optimal Number
of B-Spline Control Points

Aim of this section is to study the performance of the
developed SRM approach compared to that of BIC in case
of point cloud data. Special focus is set on the performance
in case of correlated data.

4.1 Data Sets and General Procedure

The following investigations are based on simulated data sets
as they allow a comparison with nominal values as well as a
controlled establishment of correlating noise.

The basis of the data simulation is formed by a B-spline
surface with np + 1 = 9 and mp + 1 = 7 control points.
The scanning process of the surface is realized by a sampling
and a subsequent superimposition of the sampled point cloud
with noise (cf. Fig.4). Four different types of data sets are

0
N = 0@
X [m R
il 0 04 Y [m]

Fig. 4 Simulated B-spline surface withnp +1 = Qandmp +1 =7
control points
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obtained by varying the type of noise and the used correlation
function respectively:

— For the first type of data set white noise with a standard
deviation of 0 = 2mm is used. This type of data set
meets the model selection approaches’ requirements of
being iid.

— The other three types of data sets are generated by super-
imposing the sampled surfaces with correlated noise. The
respective correlation function is of type e "4 which is an
appropriate choice for representing laser scanning data of
this specific test specimen (Kauker and Schwieger 2017).
The correlation length is varied over the three types of
data sets according to Fig.5. These different exponents
lead to correlation lengths ranging from 5cm in case of
the blue curve over 7.5cm in case of the red curve to
10 cm in case of the yellow curve.

For each type of data 500 realization sets are generated. Each
of the realizations forms the basis for the estimation of B-
spline surfaces with varying number of control points and the
subsequent evaluation of the estimated surfaces by means of

—__-100A
0.8 s J75A
-50A
0.6H
L
0.4
0.2}
0 " i _i i Il
0 0.1 0.2 0.3 04 05
A [m]

Fig. 5 Correlation functions of the simulated data sets

Fig. 6 Model selection results in

case of uncorrelated data sets
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BIC as well as by means of the SRM-approach introduced
above.

As there is a strong connection between the number
of control points, the degree and the number of knots, a
completely isolated considerations of the number of control
points is not possible. In order to reduce the effect of the
remaining parameter groups, only the location of the control
points is estimated, whereas the surface parameters and
degree of the B-spline basis functions are set to the nominal
values, which are known from the simulation process. In
order to receive a knot vector which is as close as possible
to the nominal one, the nominal knot positions are either
complemented by further knots provided by the strategy of
Piegl and Tiller (1997) or those nominal knots which are
furthest from those provided by Piegl and Tiller (1997) are
discarded. The variance-covariance matrix of the observa-
tions in the stochastic model of the adjustment is chosen to
be the identity matrix.

4.2 Results

The results of the model selection are presented in form of
histograms specifying the number of control points which is
chosen to be optimal according to BIC and SRM as well as
the respective frequency among the 500 data sets.

In case of the uncorrelated data sets both, SRM and
BIC, choose the correct number of control points in all
500 simulations as can be seen in Fig. 6. This result could
be expected as this setting is optimal with regard to the
model selection problem: The data is iid and, furthermore,
there do not exist any uncertainty factors due to a previous
determination of the remaining B-spline parameter groups.

In case of correlated data sets the resulting histograms are
by far more inhomogeneous. In Fig.7 the histogram of the
model selection results of the correlated data sets with the
smallest correlation length (5 cm) can be seen. A variety of

mBIC
W SRM

(7.9)
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Fig. 7 Model selection results in
case of correlated data sets
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Fig. 8 Model selection results in
case of correlated data sets
(p=e"7%)

250 +
200 -
150 -

100 -

50

(7.11) =

(712) #

combinations of (np+ 1, mp+1) is chosen to be optimal over
the 500 realizations, with SRM providing a broader range
of results than BIC. However, both approaches identify the
correct number of control points in the majority of data sets,
with BIC choosing the nominal number of control points
in more cases (/435) than SRM (&355). The remaining
combinations of chosen control points show one (in case
of BIC) or two (in case of SRM) smaller accumulations at
the solutions (8, 9) and (10, 9) respectively. In these cases at
least the correct number of control points in the v-direction
is identified.

When using a correlation length of 7.5cm during the
simulation process, only BIC chooses the correct number of
control points in the majority of the data sets, whereas SRM
most frequently chooses the combination of (11, 12) control
points to be optimal (cf. Fig. 8). When comparing the results
with the previous ones, it can be seen that the range of results
becomes broader for both approaches and that the maxima
are considerably less pronounced.

The inclusion of the results caused by the data sets with
a correlation length of 10 cm reveals that the increase of the
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W BIC
H SRM

(11,11) |
(11,12) |

(12,9)
(12,12) |

| BIC
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(10,11) |
(10,12) k
(11,11
(11,12

correlation length shifts the most frequent solution from the
correct number of control points towards the highest number
of control points which was included into the computations
(cf. Fig. 9). This behaviour is more pronounced for SRM than
for BIC: In case of a correlation length of 10 cm the results of
BIC still cover a very broad spectrum (similar to the results of
SRM in case of a correlation length of 7.5 cm), whereas the
results of SRM already accumulate at the highest possible
number of control points.

The general behaviour of both strategies to choose more
complex models in case of correlated data sets can be
explained as follows: Due to the correlations, additional
systematics are inserted into the data sets. An appropriate
modelling of these systematics is only possible when using
more complex functions. In reality only correlated data are
available. An adequate handling of these correlations, which
avoids an overfitting of the data, is thus necessary.

However, the apparently weaker performance of SRM
compared to BIC could not be expected.

For these two reasons further investigations are made in
the following.
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Fig. 9 Model selection results in
case of correlated data sets
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4.3 Further Investigations

In a first step a closer look is taken at the values provided
by Eq. (5) which form the basis for the SRM-based decision
regarding the optimal number of control points. In Fig. 10
these values are exemplarily presented for one of the realiza-
tions of the correlated data sets (p = e~1904),

As can be seen, the resulting curve falls steeply from
Ry (6,6) 4.9 - 107> to the first local minimum at
Ryr(7,9) ~ 8.5-107%. When increasing the number of esti-
mated control points, the resulting values fluctuate between
four levels resulting in a multitude of local minima with
almost identical values for the structural risk. The curve’s
periodic pattern is caused by the order of the combinations

=

x107°

5

R(12,12) = 8,2e-6

R(7,9) = 8,5e-6

0

Fig. 10 Structural risk Ry, for one realization of the correlated data
set with p = ¢—1004
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mBIC
H SRM

(11,11

of control points on the abscissa: During the process of
estimating B-spline surfaces with different numbers of con-
trol points, the number of control points in direction of the
surface parameter v is fixed while increasing the number of
control points in direction of the surface parameter u. When
having achieved the maximum number of control points
in u-direction, the number of control points in v-direction
is increased by one and the procedure is repeated. The
resulting local maxima represent the combinations (8, 6),
(9,6), ..., (12,6) (green circles in Fig. 10). Obviously, the
use of only six control points in u-direction leads to a
surface which is much too simple to approximate the point
cloud.

In addition to the periodic pattern, it is conspicuous that
the overall minimum (R, (12,12) ~ 8.2 - 1079) is only
slightly smaller than the structural risk provided by the
correct number of control points. Thus, the course of the
curve indicates that a simple numerical comparison of the
computed values of the structural risk is not sufficient in
this application. Rather, further investigations regarding the
separability of models have to be included, allowing for a
decision if two local minima differ significantly or if the
principle of parsimony is even better obeyed when the most
simple model leading to a local minima is chosen to be
the optimal one. These further investigations will clearly
improve the performance of SRM compared to that one of
BIC.

In a second step the known correlation structure of the
data is used to decorrelate the data. The effect of the decor-
relation on the values of the structural risk can be seen in
Fig. 11. The decorrelation causes a kind of distortion of the
curve in Fig. 10, leading to a distinct overall minimum of the
structural risk for the correct number of control points. Thus,
in case the correlation structure of the data is known or can be
sufficiently well estimated, a decorrelation of the data is an
appropriate way to deal with stochastic relationships within
the acquired data sets.
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Fig. 11 Structural risk Ry, after decorrelation of the data

5 Conclusion and Outlook

Due to the development of the terrestrial laser scanner, the
extension of point-based analysis approaches to areal ones
is a current research topic in engineering geodesy. One
possibility to deal with the large amount of laser scanning
data is the point clouds’ approximation by means of con-
tinuous mathematical functions, which form the basis for
further analysis steps. B-spline surfaces have been proven
to be a powerful, but sophisticated tool for point cloud
modelling. When estimating a best fitting B-spline surface,
a variety of parameter groups has to be appropriately deter-
mined.

The focus of this contribution is on the determination of
the optimal number of B-spline control points and, therefore,
on the choice of the optimal complexity of a B-spline surface
in case of correlated data. In this contribution structural risk
minimization was used to solve this model selection problem
as it overcomes some of the disadvantages of information cri-
teria, which are only applicable to linear models and whose
well known properties are only valid for the asymptotic case.
The associated estimation of the VC-dimension requires the
development of a B-spline classifier whose basic ideas were
introduced.

In order to evaluate the approach’s performance, it was
applied to a variety of simulated data sets. The results were
compared to the nominal values for the number of control
points as well as to the results provided by BIC.
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In case the data sets are iid, both, BIC and SRM chose the
correct number of control points to be optimal. However, as
white noise does not occur in reality, both approaches were
also applied to correlated data sets. At first glance, BIC seems
to outperform SRM as the latter has a stronger tendency
to overfit correlated data. However, further investigations
regarding the separability of models and their values for
the structural risk might clearly improve the performance of
SRM.

Until then and in case the data’s correlation structure is
known or can be reliably estimated, decorrelation of the data
is an appropriate way to deal with correlations in the data.

In future, the approach’s applicability to measured data
sets will be investigated. Due to missing or incomplete
stochastic models of terrestrial laser scanner measurements,
the unknown correlations in measured data sets may cause
further challenges. Therefore, the first step will be the scan-
ning of a test specimen with known B-spline form, which
also was the basis for the simulation process. An inclusion
of currently developed stochastic models for laser scanning
data (see for example Kauker and Schwieger 2017, Wujanz
etal. 2018 or Jurek et al. 2017) is imaginable.

Additionally, the approach will be applied to non-linear
models by using it for determining the optimal number of
B-spline control points in a joint estimation of the control
points’ locations and the surface parameters.
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Abstract

In 2008 P. Xu (Celest Mech Dyn Astron, 100:231-249) proposed a strictly kinematic
perturbation method for determining the Earth’s gravitational field from continuous satellite
tracking. The main idea is to process orbital arcs of arbitrary length, thus minimizing
superfluous parameter estimation associated with stitching together short-arc solutions, and
at the same time formulating the problem in terms of standard linear parameter estimation.
While the original formulation appears mathematically robust, its nested quadruple along-
track integrations are computationally challenging. We reduce the formulation to double
integrals and show that the method is numerically not feasible as originally envisaged.
On the other hand, by abandoning the rigorous Gauss-Markov formalism, we show the
numerical feasibility of processing multiple-day orbital arcs. The methodology lends itself
to high-low and low-low satellite-to-satellite tracking, or combinations thereof, as for
GRACE-like systems.

Keywords
GNSS satellite tracking - Gravitational field estimation - Numerical orbit integration -
Satellite perturbation theory

Keplerian elements, for example, served to separate secular
and long-period orbital variations from the more short-term
resonances, which facilitated this estimation process. These
techniques are still practiced today in various forms; a good
review is given in the volume by Naeimi and Flury (2017).
Xu (2008) proposed a radical change from this methodology
specifically in view of the proven accurate tracking capa-
bilities with GNSS. Continual and uniform high-accuracy
tracking, arguably obviates piecing together short arcs and
simplifies the overall problem setup as all formulations may
be made with the straightforward use of Cartesian coor-
dinates. The idea certainly has tremendous theoretical and
practical appeal and in this paper we aim to elucidate this in
the simplest terms, but the numerical implementation, never
attempted by the originator, puts at least some limitations on
the length of the orbital arc that constitutes a segment of the
overall estimation process. It is this aspect of the proposed

1 Introduction

With the modern ability to track low-Earth-orbiting satellites
continually and uniformly with Global Navigation Satellite
Systems (GNSS), such as the Global Positioning System
(GPS), the standard methods to extract estimates of the
Earth’s gravitational field from satellite tracking data may
be re-visited. Prior to GNSS tracking, ground-based track-
ing created a patch-work of data as a satellite rose and
set at any particular tracking station; and, accordingly, a
good a priori or reference orbit was essential in stitching
the observed arcs together. A perturbation theory based on

C. Jekeli (<) » N. Habana
Division of Geodetic Science, School of Earth Sciences, Ohio State

University, Columbus, OH, USA methodology that we wish to highlight and further develop
e-mail: jekeli.1 @osu.edu in this short note.
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As assumed by Xu (2008) we consider only the grav-
itational perturbations on a satellite due to a temporally
fixed field, leaving the non-gravitational actions (drag, solar
radiation pressure, etc.) and temporally varying effects (tidal
potentials, terrestrial mass redistributions, etc.) as secondary
to the main problem and outside the present scope. We may
thus formulate the problem simply using Newton’s equation
of motion of a particle in a gravitational field,

¥(1t)=gx(@),p), x(to)=x0, Xx(to)=%x0 (1)
where t is time, x is the position vector, g is the gravitational
field, p is a vector of unknown parameters of the field,
and xo, x( are initial conditions (observed). This equation
holds in inertial space and one should include an explicit
temporal dependence of g on the right side due to Earth’s
rotation. This is easy to do and it is assumed in our analyses.
The differential equation (1) may be integrated to obtain a
relationship between the observable position of the satellite
and the parameters of the field,

¥(1) = xo+ %0 (—10) + [ [g (x ("), p)dt"dt". @)

o o

That this is the solution to (1) is easily checked by
back-substitution. It is the form given by Xu (2008, eq. 8).
Immediately we see that its practical implementation eventu-
ally requires the numerical integration of nested integrals —
not a desirable prospect. Fortunately there is an alternative,
completely equivalent solution, given by

x(1) =x0+560-(t—to)+f(t—t’)g(x (t').p)dr,

3)

which is also easily verified by back-substitution. The fol-
lowing development and numerical tests are thus based on
(3) rather than (2) and all conclusions derived therefrom hold
equally for the development contained in (Xu 2008).

2 The Perturbation Theory

Equation (3) is a complicated, non-linear relationship
between the observable positions, x, and the unknown
parameters, p, since the field values, g, depend explicitly also
on x. The standard way forward is to linearize the solution,
which is done here independently with respect to the orbit
and the field (Xu considers primarily the linearization of the
orbit, but the latter is standard and straightforward practice
since higher-degree reference fields are now accurately
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known). Firstly, with respect to the orbit, we have

Ax(t) + Xef(t) = x0 + X0 - (t — 1)

0 (x().
o (g (cus (). ) + £ EOP)

10 X=xXpf(t")

xAx (t/)) dr’
4)

where Ax(f) = x(¢) — xt(f); and, secondly, with respect to
the field,

Ax(t) = xo + Xo - (t — fo) — Xre(?)

1

+jv—0(&ﬁumo»

fo

ad
+ ox (gref (x (t)))

x=xre(t’)

Ax (t’)) dt’ )
t

+ f (t—1') (Ag (xref (1), P)

fo
d / /
+ o (A8 E 0, P)amr i Ax (1) ) di

The last term may be neglected, being of second order, thus
yielding the model, analogous to Xu’s eq. 10,

Ax (1) = 8xo(r) + f (t—1")Ag (xws (1), p) dt’

(6)

+ f (t =) Dret (xre (') Ax (1) d1’,

to
where Ag(x(1),p) = g(x(1),p) — 8rt(x(1)), I = dg/dx, and

Sxo(t) =x0+ X0 (t —1o)

‘ (7
[ (= 1) ot (et (1)) dt” = ).

fo

It is emphasized that the reference orbit is completely
arbitrary and could be generated from the observed orbit by a
suitable smoothing. Thus, the reference orbit is always close
to the true orbit (and the linearization is legitimate for all 7),
but in no way must it be consistent with the reference field,
i.e., ¥ref(t) # ror (Xrer(?)). This is the simple beauty of Xu’s
proposal and is enabled by the continual tracking of satellites
using GNSS. Setting the reference orbit to the observed
orbit, as done, e.g., by Mayer-Giirr (2006), leads directly
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back to the solution (3), thus eliminating the linearization
error, but also not advancing the separation of observations
and parameters. We continue here with an analysis of Xu’s
model.

If one assumes that the field depends linearly on the
parameters, as it does in a spherical harmonic series rep-
resentation, then except for the last term in (6), there is a
linear relationship between observables and parameters. Xu
(2008) then makes the reasonable proposal to remedy that
shortfall by substituting an approximation for the observable
(analogous to his Eq. (11)),

AxO(r) = 8xo(1) + f (t—1") Ag (xwer ('), p) dt’, (8)

to

on the right side, yielding now a fully linear and separated
relationship,

Ax(t) = 8xo (t) + j (t —1') Ag (xrr (), p) d1’

€))

() Tt e (1) 450 ()

to

where all quantities on the right side, except the parameters,
are known exactly (it is assumed for the sake of a simplified
analysis that also the initial conditions, xy, X, are known
without error). That is, one can now write the model as

!l =Gp, (10)
where the vector of reduced observables at times, #;, is
M= axt) =ax ()
]
_f (tj - t/) (rref (xref (l/)) SxO(Z))Td[/ e,
4]
(11)

and G is a matrix of elements that are integrals of exactly
known functions. The theoretical reasonableness of this pro-
posal is based on the theory of solutions to Volterra integrals,
which guarantees convergence to the true solution with such
iterated substitutions (Kondo 1991, p. 327). On the other
hand, it is not clear that convergence could be achieved if
the reference orbit is left unchanged. Moreover, it is shown
below in Fig. 3 that this theory fails to account for numerical
integration error and the model thus formulated becomes
unstable in short order.
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3 Numerical Analysis

Before investigating the numerical feasibility of the model
(10), it is important to determine the accuracy of the lin-
earization, itself, that is, the numerical consistency of (6)
under different levels of orbital perturbation. Toward that
end one needs a true orbit in a given gravitational field.
This is one of those rare cases where a simulation of the
observable is perfect only for a trivial case — the Keplerian
orbit. That is, for a non-trivial gravitational field, such as
a spherical harmonic series truncated to degree, nm,x > 2,
the “true” orbit is, in fact, subject to unavoidable error in
the numerical integration of (1). The model error due to
linearization can only be assessed to the extent that it is
greater than the numerical integration errors in the model and
in the reduced observable (11). Of course, with real data, no
such integration error impacts the observable, Ax(¢), only the
computation of integrals such as in (11) or in the elements of
the matrix, G.

We use a predictor-corrector integrator of the Adams
type that was developed in the 1960s at the Jet Propulsion
Laboratory (Krogh 1970). Testing this on a Keplerian orbit,
which is known to arbitrary accuracy, we find that this
integrator is accurate to better than 1 mm for a 1-day orbital
arc of a low-Earth-orbiting satellite. This is also confirmed by
comparison to an independent numerical integrator applied
to a high-degree gravitational field (M. Naeimi, 2016, per-
sonal communication).

Upon thus generating the “true” orbit of a polar-orbiting
satellite in a given gravitational field (EGM2008 up to a spec-
ified npny) and at an approximate altitude of 450 km, a small
perturbation is introduced by adding a zero-mean normally
distributed random variable with standard deviation, o, to
each coordinate at 1-s intervals. These perturbed positions
are then smoothed by fitting a 7th-order B-spline over 100 s
in each coordinate. The resulting reference orbit, x,.¢(¢) then
yields observables, Ax(t), as shown, for example, in Fig. 1
for the case, ny,x = 36 and o0 = 0.1 m.

Assuming a reference gravitational field up to degree,
nef = 12, the right side of (6) is computed using the
numerical integrator, where because it is a variable step-size
integrator, the second integrand, (¢ — )T ef(x.ef(?')) Ax(Y'), is
adequately evaluated with linear interpolation on Ax(#'). The
absolute differences of the right and left sides of Eq. (6) are
shown in Fig. 2, which also shows these differences if the
second integral with the gradient term is omitted on the right
side.

Figure 2 shows that the linearization error inherent in the
model (6) is not larger than the numerical integration error
in the observable, i.e., less than 1 mm (and perhaps much
less). It also shows that the second integral on the right
side of (6) cannot be neglected for millimeter-level accuracy
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Fig. 1 Cartesian components of
the simulated observables, Ax(t),
for the case, ny.x = 36 and

o = 0.1 m. The displayed first
hour is representative of the
entire 1-day orbital arc
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Table 1 Absolute differences of right and left sides of Eq. (6) at t = 86, 400 s

perturb. o . Mo absolute error in x, y, z at = 86400 s
0.1 m 24 4 0.020, 0.145, 0.125 mm
0.1 m 36 12 0.035, 0.008, 0.013 mm
0.1 m 60 30 0.010, 0.012, 0.012 mm
0.1 m 120 30 0.020, 0.015, 0.018 mm

Im 36 12 0.27, 1.52, 3.12 cm
I m 60 30 2.39, 0.85, 0.46 cm
Im 120 30 0.05, 0.002, 0.44 cm
10 m 36 12 0.35, 0.16, 0.23 m
10 m 60 30 0.29, 0.03, 0.002 m
10 m 120 30 0.09, 0.35, 0.09 m

(after a 1-day orbit) in the model. Table 1 lists linearization
errors in the model at the end of a 1-day orbit for greater
departures between reference and true orbits and different
values of nm,x and n..¢. Generally, one may conclude that the
linearization is adequate if that departure is of the order of
decimeter.

If one substitutes (8) as an approximation for Ax(¢') on
the right side, then the model error becomes intolerable after

less than 1 h, as shown in Fig. 3, yielding errors ultimately
much worse than simply neglecting the gradient integral. It
is highly doubtful that iterated substitutions would yield a
convergent solution, as implied by the theory of the iter-
ated solution to Volterra’s integral equation. The numerical
integration errors that grow in the evaluation of the second
integral on the right side of (6) simply invalidate the required
premises of that theory.
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Fig. 3 Absolute differences of 1 104
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Since the results presented in Fig. 2 and Table 1 for the
o = 0.1 m perturbation demonstrate millimeter accuracy,
or better, in the model (10) for day-long orbital arcs, it
is of interest to determine the feasibility of recovering the
gravitational spectrum from such arcs. A single 24-h arc
of a polar orbiting satellite (altitude = 450 km) yields
approximately 16 ground tracks on the globe with roughly
one repeat track each. The corresponding spatial resolution
on the equator is about 22.50, which translates to maximum
harmonic degree, nn,x = 8. With ns = 4, the parameters to
be solved are the coefficients, p = (+++ Cym m)T, in the
series,

Nmax

Ag(t) = Z Z Cn,msn,m([)s

n=ngf+1m=—n

12)

where, with mean Earth radius, R, and Newtonian gravita-
tional constant times Earth’s mass, GM,

GM R
Sn,m(t) = R Vi ((rref(t)

n+1
) Yn,m (eref(t)s aref(t))) s
(13)

where rief, O ef, 0ret are spherical polar coordinates in inertial
space and the Y, ,, are fully normalized spherical harmonic
functions. Assuming no observational error (only model
error in (10)), Fig. 4 shows the absolute relative errors in
the coefficients estimated from reduced observations, [, of
a satellite tracked in a ny,x = 8 gravitational field (from
EGM2008) according to

»=(G"G)'G"L. (14)

The absolute relative accuracy and corresponding root-
mean-square by degree are defined by

5)

Figure 4 includes also the case of estimating higher
harmonics than might be warranted by the limited spatial res-
olution of a one-day ground track if the satellite is orbiting in
a nmax = 24 gravitational field. The results of the estimation
show that 5-digit or better accuracy is obtained in the former
case, while the latter case generally yields poorer relative
accuracy at degrees n > 8 (consistent with the lack of high
global resolution from a single 1-day orbital arc). Increasing
the spatial resolution with a 3-day orbital arc reduces the
errors in estimating the ny,x = 24 field by 1.5 orders of
magnitude, where integration error is the likely cause for the
remaining error.

4 Conclusion

A review of a new perturbation theory for estimating Earth’s
gravitational field from satellite tracking by GNSS shows
that while the theory is elegantly simple, it falls short of
its original goal to enable the analysis of arbitrarily long
arcs because of unavoidable numerical integration error. One
remedy is to dispense with the problematic iterative solution
to the Volterra integral equation and treat the gradient term of
the linearization as part of the “reduced” observable (bring
the gradient integral to the left side of the equation), thus
yielding a “pseudo” Gauss-Markov model for the estimation
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Fig. 4 On the left: absolute relative accuracy of estimated spherical
harmonic coefficients obtained by tracking a satellite along a one-day
orbital arc in a ny,, = 8 gravitational field (C,, ,,, m > 0; similar
relative accuracy is obtained for m < 0). On the right: the corresponding

of parameters. In addition to some other simplifications of the
original proposed theory, we also introduce a reference field
that presumably requires no further estimation; although,
that estimation is also an option by treating corresponding
parameters as stochastic. A numerical analysis shows that
the linearization of the model, itself, is adequate for these
purposes if the reference orbit deviates from the true orbit by
less than 1 m, which is always possible since the reference
orbit may be completely arbitrary and can be defined on the
basis of the observed orbit. A demonstration of accurate esti-
mation of harmonic coefficients (assuming no observation
errors) also validates the accuracy of the model.
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Abstract

A stochastic process can be represented and analysed by four different quantities in the
time and frequency domain: (1) the process itself, (2) its autocovariance function, (3) the
spectral representation of the stochastic process and (4) its spectral distribution or the
spectral density function, if it exits. These quantities and their relationships can be clearly
represented by the “Magic Square”, where the quantities build the corners of this square
and the connecting lines indicate the transformations into each other.

The real-valued, time-discrete, one-dimensional and covariance-stationary autoregres-
sive process of order p (AR(p) process) is a frequently used stochastic process for instance
to model highly correlated measurement series with constant sampling rate given by satellite
missions. In this contribution, a reformulation of an AR(p) to a moving average process with
infinite order is presented. The Magic Square of this reformulated process can be seen as
an alternative representation of the four quantities in time and frequency, which are usually
given in the literature. The results will be evaluated by discussing an AR(1) process as
example.

Keywords
Autoregressive process - Moving average process - Spectral analysis - Stochastic process -
Time series analysis

contrast, the usage of the relationships of a process with its
spectral representation, autocovariance function and spectral
distribution (or density) function is less popular, or even

In practice many phenomena with random characteristics
exist, which cannot be represented by deterministic func-
tions. In these cases, stochastic processes often allow for
a sufficient description (see e.g. Koch and Schmidt 1994;
Moritz 1980; Welsch et al. 2000). Applications of stochastic
processes in geodesy tend to focus on analyses within the
time domain at the level of the measurements themselves. In
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done incorrectly. One reason for this is that the mathematics
and thus the computational aspects of these relationships
and representations are rather intricate and oftentimes not
readily available for a specific type of process to be used
in a practical situation. To remedy this problem, Krasbut-
ter et al. (2015) discussed a kind of Magic Square with
respect to a general real-valued, one-dimensional, discrete-
time, covariance-stationary stochastic process. The Magic
Square has the advantage that it is a well-arranged represen-
tation of the described four quantities of a process in the time
and frequency domain and their relationships. Furthermore,
Krasbutter et al. (2015) expanded the Magic Square to
stochastic processes, which are obtained by non-recursive
filtering of an input process and evaluation of the results by
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application to a ¢-th order moving average (MA(q)) process
(see the following Sect. 2 for an overview).

In this contribution the Magic Square will be formulated
for another well-known process: a discrete-time p-th order
autoregressive (AR(p)) process. The use of such a process
as a description of the random error term in linear obser-
vation equations seems to have been proposed first by the
econometricians D. Cochrane and G. H. Orcutt (Cochrane
and Orcutt 1949). In geodesy, this kind of model is becoming
increasingly popular; see Koch and Schmidt (1994) and
Schuh (2003) for general descriptions and Schubert et al.
(2019) for a current application to the highly correlated
measurement errors of the Gravity Field and Steady-State
Ocean Circulation Explorer (GOCE) satellite mission. The
AR(p) process may be viewed as being obtained by recursive
filtering. The Magic Square of such a process is explained in
Schuh et al. (2014) and further discussed in Schuh (2016).

In contrast, we study in the current contribution the Magic
Square for AR(p) processes obtained through non-recursive
filtering. For this purpose, we elaborate a certain reformula-
tion of that process. In Sect. 3 the transformation is presented
with a MA process of infinite order (MA(c0)) as a result.
The Magic Square of this transformed stochastic process is
an alternative representation of the four quantities of an AR
process given in Schuh et al. (2014). The transformation can
be seen as a link to the Magic Square describe in Krasbutter
et al. (2015) To demonstrate the evaluation of these results,
the transformation is applied to an AR(1) process and the
corresponding Magic Square is compared with representa-
tions given in the literature (cf. Sect. 3). In Sect. 4 this paper
is concluded with a summary and an outlook.

2 The Magic Square of a Non-Recursive
Filtered Stochastic Process

A general stochastic process X7 is defined by a family of
random variables on a probability space, symbolically

Xr = (2, A, P X, 1T}, ey
where §2 denotes the sample space, A a o-Algebra of events,
P the probability measure and A&; is a random variable.

Additionally we restrict our representation to stochastic
processes with the following properties:

— One-dimensional and real-valued:
(£2,A) - (R, B),
where B is the Borel o-Algebra, which is generated by all

real-valued, one-dimensional, left open and right closed
intervals.

l. Loth et al.

— Discrete in time with constant and general sampling rate
At:

t=n-At,n eZ,At € R.

On account of this, a random variable depends only on n
and it will by symbolised by &, in the following.

— Covariance-stationary with zero mean, variance o and
autocovariance function )/kX , where k is called lag (cf.
Brockwell and Davis 1991, pp. 11-12).

Additionally, it is assumed, that the process X7 is
obtained by filtering another one-dimensional, discrete-time,
covariance-stationary stochastic process Ur by

q
Xy =Y Ylsj = V(L)Uy,

Jj=0

2

where W(L) = Yo + Y1 L + ... + ¥,L9 with lag operator
notation L/U, = U,— ;j 1s a non-recursive, causal, absolutely
summable and invertible filter. The order g of the filter can
be infinite (‘¢ = o0’) or finite (¢ € N).

The Magic Square of this real-valued, one-dimensional,
discrete-time, covariance-stationary, non-recursive filtered
stochastic process is presented in Fig. 1. In the upper left
corner the stochastic process itself is given and can be seen
as a collection of random and equidistant variables.

The spectral representation of the described stochastic
process (upper right corner) is denoted by d 2? v). In
the following the hat will symbolize a quantity in the
frequency domain and the superscripted factor s the fact
that the corresponding representation in the time domain is
discrete-valued.

However d Z ¥ (v) is a stochastic orthogonal increment
process with the following properties:

— One-dimensional and complex-valued,
2 — C,

— Frequency-continuous with v defined within the interval

[—v"Y,v"], where v¥ = _! is known as the Nyquist
frequency.

24t
— Orthogonal increments (cf. Brockwell and Davis 1991,
pp- 138-140):

EfdZX0)@ZF )"} =0, forvi £,

where * denotes the conjugate complex.
While the proposed process can be described as a filtering
of an input process U, in the time domain (see (2)), the
description for the frequency domain is:
dZ¥ () = U, (v)d 24 (v), 3)

where d gg’(v) is the corresponding spectral rep-
resentation of the input stochastic process U, and
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Fig. 1 Magic Square for covariance-stationary, discrete-time, non-
recursive filtered stochastic process with upper left: stochastic process,
lower left: autocovariance function, upper right: spectral representation
of the stochastic process and lower right: spectral representation of the

,(v) = Z?=0 Y e~12mJ Al s the Fourier transform of
the filter ¥ (L) called the transfer function (cf. Priestley
2004, pp. 263-270).

The interrelation between the stochastic process and its
spectral representation, which is indicated by the harpoons,
can be described by the “stochastic Fourier transform”
Fs){-} and the converse relationship by the “stochastic
Fourier integral” ]—'(;)1{'}. The mathematical formulas and
a detailed explanation of these relations is not the focus
of this paper and are omitted. But the interested reader is
referred to Krasbutter et al. (2015) and Lindquist and Picci
(2015, Chapter 3).

The two quantities in the lower row of the square are
the autocorrelation function ka (left side) and its spectral
representation d r X (v) (right side). This spectral represen-
tation is an increment process of the spectral distribution
function T X (v). If the derivative d I Y (v)/dv exits, it is
called spectral density function ¢ (v).

Both quantities in the lower row of the square are deter-
ministic functions, where the autocorrelation function is dis-
crete and its spectral representation is frequency-continuous
with v defined in the interval —v" to v" and is continued
periodically outside of this range. As described in Priest-
ley (2004, p. 214) y;¥ and ;¥ (v) are even, if the related
stochastic process is real-valued, which we have fixed by the
above described characteristics of the process. Furthermore,
the autocovariance can be formulated by the filter ¥ (L) and
the autocovariance of the input process y}{’{, while its spectral
representation is given by the transfer function of the filter
@S (v) and the increment of the spectral distribution function
of the input process d I’:?(v). Thus, the autocorrelation of
yi¥ is given by

VE =0 UV Vs )

m=0 s=0

frequency domain

autocovariance function. The interrelations are symbolised by arrows
with the corresponding mathematical operations, where F{-}/F~!{}
symbolise the Fourier transform/integral, .F(S){-}/.F(j)l {-} the stochastic
Fourier transform/integral, E {-} the expectation and ‘x’ a correlation

and the corresponding spectral representation by
dT ¥ ) = W0)PdTY ). §)

The interrelation of these two equations can be described by
the “deterministic Fourier transform” F{-} and the converse
relationship by the “deterministic Fourier integral” F~'{-}.
A detailed explanation of these two equations and its interre-
lation is given by Priestley (2004, Sect. 4.12), Brockwell and
Davis (1991, Proposition 3.1.2) and Krasbutter et al. (2015).

As explained above, the upper corners are stochastic
functions and in contrast to them the lower corners are
deterministic functions so that the transformation from top
to bottom can be interpreted as a reduction from stochastic
to deterministic. This reduction is achieved by using the
expectation (symbolised with E {-} in Fig. 1), which has the
drawback of information loss, thus the way vice versa (from
bottom to top) is not possible without additional information
(indicated by the missing arrow from the lower to the upper
corners). The operations from top to bottom can be seen on
the left side as a stochastic correlation. The correlation is
symbolised by ‘x’ in Fig. 1. The corresponding operation in
the frequency is a stochastic multiplication.

3 The Magic Square of an p-th Order
Autoregressive Process

The time-discrete, autocovariance-stationary, invertible

AR(p) process with p € N is defined by

Xn L= ean_l + e + ern—p + gns (n E Z)
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Fig. 2 Magic Square for covariance-stationary, discrete-time autore-
gressive process of order p (AR(p)) with general sampling rate Af.
This AR(p) process is reformulated in a pre-processing step to a moving
average process of infinitive order. The Magic Square is then derived
out of this reformulated process with upper left: reformulated stochastic
process itself, lower left: autocovariance function, upper right: spectral

where ®(L) = 1 — 6L — ... — 0,L7 is a recursive,
causal filter and &, denotes white noise with &, ~ N (0, O’é)
(Brockwell and Davis 1991, Definition 3.1.1). The AR pro-
cess is covariance-stationary if and only if the roots of the
polynomial

1—911—9212...—9pz‘”=0,z€(C

lie outside of the unit circle. Furthermore, AR processes with
finite order are invertible (cf. Box and Jenkins 1976, Sect.
3.2.1).

In Schuh et al. (2014) the Magic Square of an AR(p)
process is presented. In contrast, the idea of this contribution
is to transform the AR(p) process given by (6) in the form
of (2). The advantage of a non-recursive representation is
that it is easier to evaluate concerning warm up, behaviour
of the covariance and the stationarity of the process. In so
doing the explained Magic Square in Sect.2 can be applied
to the reformulated process. The result is an alternative but
equivalent representation of the AR(p) process within the
Magic Square; the transformation can be seen as a link
between these two representations of an AR(p) process
within the Magic Square.

In a first step the reformulation of the AR(p) process to
(2) is described and afterwards the alternative representation
of the Magic Square is given. All outcomes of each step
are applied to an AR(1) process and compared to the results
given in the literature, where no reformulation is applied.

l. Loth et al.
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representation of the reformulated stochastic process and lower right:
spectral density function. The interrelations are symbolised by arrows
with the corresponding mathematical operations, where F{-}/F~'{-}
symbolises the Fourier transform/integral, F {‘}/]-'(s_)1 {-} the stochastic
Fourier transform/integral, E {-} the expectation and ‘x” a correlation

3.1 Reformulation of the AR(p) Process

The reformulation can be seen as a pre-processing step and
is symbolised in Fig.2, where the Magic Square of the
AR(p) process is presented. This additional step starts by the
multiplication of (6) with ®(L)~! on both sides:

X, =0L)E,.

(cf. Gilgen 2006, p. 251).

To familiarize ourselves with the filter ® (L)™', whose
order for instance we do not know yet, a reformulation is
done. Thus, the inverse filter of @ (L) can be formulated by

1
o) = 7
(@) 1—6,L—...—6,Lr M

(see Hamilton 1994, Chapter 2.4). This inverse representa-
tion can be rewritten by using the infinite geometric series

1

=l4+x+x>+x>+... (8)
1—x

with |x| < 1 (cf. Andrews 1998, Eq. (3.3)) and results in

OL) ' =1+ L+...+0,L")
+(OIL+ ...+ 0,LP) + . ... 9)
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The next step is to expand and resort (9) to

OWL) ' =14+6,L+6,L%+...

= O(L), (10)
where ®(L) is the reformulated representation of @(L).
The determination of 6; for i € N can be achieved by the
following algorithm:

Step 1:

. . i P
9111” -93" -...-Qép’j,where > m-ly,; =iwithl,; €N
m=1
holds. The index j = 1,...,s specifies the combination

number.
Step 2:  Determination of

p
(Z zm,,-)!
m=1
=

ll_j!'lzyj!m..'lp,j.

Find all s combinations of the sorted product

d; =

where ! denotes the factorial function. This factor indi-
cates the number of possibilities for combining the filter
coefficients 0y, 0,, ... 8, of combination ;.

Step 3:  The last step is to determine the filter coefficient
0 i by

s

0= (dj- 01 03 077).

=1

Hence, the alternative representation of (6) is given by

o0
Xy =O(L)E, = 0,;E ;. withfy=1.  (11)
j=0

This process is known as moving average process of infinite
order (MA(oo) process), which is a special form of the
filtered stochastic process described in Sect. 2.

Example of the Transformation
The transformation is applied exemplary to an AR(1) pro-
cess, which is defined by

OL)X, := &,, (12)
with ®(L) = 1 — 6L and |6;] < 1 (cf. Hamilton
1994, p. 53). This process has only 0; as filter coefficient
and therefore the described algorithm to determine 6; is

simplified, because /;. = i. Hence, the reformulated AR(1)
process is given by

o0

Xo=) 0/& ;.

Jj=0
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The results for transformed AR processes with higher orders
are much more complicated. For instance, the reformulated
AR(2) process is given by

OL)y= 1 + 6 L+(9$+92)L2+g9%+291923L3

N - = —

0o 0, 2 03

+ (6] +36760, + 0;) L* + (6] + 4676, + 36,07) L’

64 95

+ (05 + 5670, + 60702 + 03) LE + ...

06

In this contribution, due to the complexity of AR processes
with higher orders, the results are applied only to AR(1)
processes.

3.2 Magic Square of the Reformulated

AR(p) Process

The Magic Square of the reformulated AR(p) process is
described and the results are presented in Fig. 2. The deriva-
tion starts with the quantities in the time domain (corners on
the left-hand side of the square), followed by the results in
the frequency domain (corners on the right-hand side of the
square).

3.2.1 Time Domain (Left-Hand Side)

The upper left corner of the square is given by (11), being
the reformulated AR process itself. This process has an
autocovariance function (lower left corner), which can be
derived by using (4) and the property

JE = oz for k=0
k 0 else

of white noise, resulting in

o0
Vil =02 Oepiubs. (13)

s=0

Example: AR(1) Process

As described in the last section the reformulation of the
AR(1) to an MA(oc0) process is given by 8; = 9{ . This
result is substituted into (13), leading to

00 00

s+|k s+ |k

v =ory oMo =0z ot e
s=0 s=0

It can be shown, that (14) is an alternative representation of
the autocovariance

X 2 okl 1
Vi 0ely 1 - 67 (15)
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which is often mentioned in the literature (cf. Priestley
2004, Eq. (3.5.16)). To show the equivalence between these
two representations of the autocovariance function, (14) is
reorganised to

o0
i = o2l Y
=0
= o201+ 07 +6f +..)).

In the next step the pre-processing step is undone by using
the definition (8) of the infinite geometric series. The result
is (15).

3.2.2 Frequency Domain (Right-Hand Side)
The spectral representation of an AR(p) process by using (3)
is defined by

dZ}(v) = dZE ()0, (v)
o
= dZE(w) ) 0;e7 A (16)
j=0
o~ o0
where @;(v) = Y ;71274 s the transfer function
=0

of the filter ®(L) and dz’f (v) the spectral representation
of discrete-time white noise, also known as increment pro-
cess of a Wiener process (see Lindquist and Picci 2015,
Sect. 3.3.3). The spectral representation is defined for v given
in the interval [-v", v¥] and is periodic outside of this range.

The spectral representation of the autocovariance is
defined by using (5) and the property of white noise
df'f"(v) = o}dv:

[o olENe o}
de{(l)) — Ugd\) E § Qjese—iZHVjAleiZHVSAt
j=0s=0

. (A7)
This sum can be reorganised to

dff(v) = Ugdv 000 + Z@J.@Oe—ﬂ:wjm
j=1

o0

%)
+ Z QseoeﬂnvsAt + Z ej

s=1 j=l1

—i2mwvjAt ji2wvs At
0;0e e
jYs

l. Loth et al.

Now, Euler’s formula and the relation 6y = 1 is applied and
results in

o0 o0
dff(v):o‘%dv 1+229jcos(2nvjAt)+29i

J=1 J=1

+2) > 0,;6,c0s @mv(s — j)Ar) |, (18)

j=ls=j+1

where the frequency v takes values within the interval
[-v¥,vN]. Obviously, the derivative of (18) exits, so the
spectral density function of the AR(p) process is given by

o0 o0
Xy =0z (1426, cos@rvjan + 36

j=1 j=1

+ 22 Z 0;0scos Qmv(s — j)At) | . (19)

j=1s=j+1

Example: AR(1) Process

The spectral representation and the spectral density function
of the reformulated AR(1) process are obtained by substitut-
ing #; = 6/ into (16) and (19). The spectral representation
is then defined by

o0
dZ¥ W) =dZEw)) 6] e 2mia
j=0

(20)
and the spectral density function by

00 oo
7 0) = 0f (142 6] cos mvjan) + 367

=1 =1

+ 22 Z 0/ ** cos 2mu(s — j)Ar)

j=ls=j+1

21)

In (Priestley 2004, p. 238) the spectral density function of an
AR(1) process is given by

2
O¢

~X _
Ve ) = (1 —26; cos 2mvAr) + 02)°

(22)
It can be shown that this result is equivalent to (21) by
substituting Euler’s formula:

2
O¢
(1 _ QleivaAt _ Qle—iZm)At + 912)

— g2 1 1
- Y 1— ele—ivaAt 1— QleiZmJAt :

W) =
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The infinite geometric series is applied and results in

oo oo
~X _ 2 J —i2mvj At s _i2mvsAt
e (v) =o¢ E Oie E e
j=0 s=0
oo oo
— O_2 9] ese—12ﬂv1At812nvsAt
& 171
Jj=05=0

As described above a rearrangement of the sums results
in (21).

4 Conclusion and Outlook

Within this paper the transformation of an AR(p) into a
MA(o0) process, which is in practical use easier to inter-
pretate concerning warm-up, covariance and stationarity, is
demonstrated. In so doing the graphical representation of
a stochastic process in time and frequency domain given
by Krasbutter et al. (2015) can be applied to determine
the explicit mathematical expressions of each corner in the
Magic Square for an AR(p) process. The practical applica-
tion for instance to AR processes estimated by means of the
data given by satellite mission GOCE and the convergence
behaviour of the transformed AR(p) process is still to be
examined. Due to lack of space in this contribution this
investigation is omitted.

The application of the transformation to widely used
stochastic processes, for instance the autoregressive moving
average process (ARMA process), would be an extension of
this scenario and will be considered in the future.
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Abstract

In this paper, we intend to test whether the random deviations of an observed regression time
series with unknown regression coefficients can be described by a covariance-stationary
autoregressive (AR) process, or whether an AR process with time-variable (say, linearly
changing) coefficients should be set up. To account for possibly present multiple outliers,
the white noise components of the AR process are assumed to follow a scaled (Student)
t-distribution with unknown scale factor and degree of freedom. As a consequence of this
distributional assumption and the nonlinearity of the estimator, the distribution of the test
statistic is analytically intractable. To solve this challenging testing problem, we propose
a Monte Carlo (MC) bootstrap approach, in which all unknown model parameters and
their joint covariance matrix are estimated by an expectation maximization algorithm. We
determine and analyze the power function of this bootstrap test via a closed-loop MC
simulation. We also demonstrate the application of this test to a real accelerometer dataset
within a vibration experiment, where the initial measurement phase is characterized by
transient oscillations and modeled by a time-variable AR process.

Keywords
Bootstrap test - EM algorithm - Monte Carlo simulation - Regression time series - Scaled
t-distribution - Time-variable autoregressive process

law) is enabled by the assumption that the random deviations
follow a scaled t-distribution (cf. Koch and Kargoll 2013).
Since adjustment techniques based on least squares are

1 Introduction

Reliable and precise estimation of geodetic time series mod-
els remains a challenging task as they frequently involve
huge numbers of auto-correlated and outlier-afflicted mea-
surements. On the one hand, a parsimonious model that
allows both for the description and the estimation of auto-
correlations is given by autoregressive (AR) processes (cf.
Schuh 2003). On the other hand, a flexible approach to mod-
eling multiple outliers (or more generally a heavy-tailed error
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e-mail: alkhatib@gih.uni-hannover.de

B. Kargoll
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sensitive to misspecifications of the functional and stochastic
observation model (cf. Kutterer 1999), as well as sensitive
to outliers (cf. Baarda 1968), frequently encountered data
features such as functional non-linearity, colored measure-
ment noise and heavy-tailed error distribution should be
adequately taken into account. Modern geodetic sensors
often involve a data sampling at a high rate, thus producing
significantly auto-correlated noise (cf. Kuhlmann 2001), in
potentially huge numbers of observations. In such cases, the
use of a covariance matrix easily exceeds the memory of the
computer. Instead, an AR process can often be used for mod-
eling (auto-)correlations more parsimoniously (cf. Schuh
2003). Moreover, the error law of geodetic measurements
has frequently been found to be heavy-tailed, in which cases

191

P. Novik et al. (eds.), IX Hotine-Marussi Symposium on Mathematical Geodesy,
International Association of Geodesy Symposia 151, https://doi.org/10.1007/1345_2019_78


http://crossmark.crossref.org/dialog/?doi=10.1007/1345_78&domain=pdf
mailto:alkhatib@gih.uni-hannover.de
https://doi.org/10.1007/1345_2019_78

192

robust M-estimation can be applied to the aforementioned
models (cf. Wisniewski 2014).

Kargoll et al. (2018a) recently dealt with the case where
both the coefficients of the AR model of the random devia-
tions in a linear functional model and the shape parameters
of the heavy-tailed error law are unknown. As suggested by
Koch and Kargoll (2013) in a geodetic context, the family of
scaled t-distributions was used to model the error law. Here,
the degree of freedom is a shape parameter, which controls
the thickness of the tails, and which can be estimated from
the given measurements jointly with the other (functional
and stochastic) model parameters, in the sense of a self-
tuning robust estimator (cf. Parzen 1979). With this kind
of estimator, the unknown parameters of the functional and
the AR model can conveniently be computed via iteratively
reweighted least squares (IRLS).

This is not only possible when the AR process is co-
variance-stationary, but also when the AR coefficients are
modeled as time-variable quantities through a linear regres-
sion (Kargoll et al. 2018b). Such models have been found
useful in describing non-stationary effects in time series
measurements that cannot be properly described as part
of the deterministic model at the level of the observation
equations, e.g., local distortions in Gravity Field and Steady-
State Ocean Circulation Explorer (GOCE) satellite gravity
gradient data (Schuh and Brockmann 2016) or transient
oscillations in terrestrial accelerometer measurements (Kar-
goll et al. 2018b). An important issue that has not been
addressed in these expositions is how such an AR error
model with t-distributed white noise components can be
tested for time-variability (this testing problem is defined
in Sect.2). Whereas a corresponding suitable test statistic is
easily identified from standard testing theory, the associated
probability distribution is not readily available due to the
complexity of the model.

With difficult-too-handle problems, Monte Carlo (MC)
simulation may give an adequate solution (see, e.g., Koch
2018a,b). In particular, MC bootstrap approaches (in the
sense of Efron 1979) can often be applied in situations where
an approximate probability distribution of a test statistic
cannot be derived analytically. Besides a few geodetic fields
of application (e.g., Teunissen 1998; Neuner et al. 2014;
Angrisano et al. 2018; Losler et al. 2018), bootstrap methods
have been devised for rather general time series models (cf.
Li and Maddala 1996; Politis 2003) and in the context of
Expectation Maximization (EM) algorithms for missing-data
models (cf. McLachlan and Krishnan 2008). As our self-
tuning robust estimator is based on both of these, we can
develop a bootstrap approach to solving the aforementioned
problem of testing for time-variability of AR coefficients.
In Sect.3 we outline this procedure in the general case of
testing against a linearly modeled time-variability of the
coefficients of an AR(p) process, employed to model the
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random deviations of a possibly nonlinear regression time
series. In Sect. 4, we simulate and investigate the size and
power function of the test.

2 General Testing Problem

[¢1,...,£,]" can be
described by a nonlinear, vector-valued (‘deterministic
model’) function f and random deviationse = [e, ..., e,]"
through the so-called observation equations £ = f (&) + e,
where x = [xi,... ,xq]T constitute unknown parameters.
We assume the random deviations to follow an AR(p)
process

We assume that observations £ =

14
e[=2at,]’et—j+u[ (t=1,...,n)

ey

j=1
with the time-dependent coefficients o, ; = B,y; being
described by linear combinations involving fixed vectors
B, and unknown parameters y; = Widseesyiml’. We

assume the random variables u = [u1,...,u,]7 in (1) to
be independently and identically ¢,(0, 0?)-distributed with
center 0, unknown scale parameter o> and unknown degree
of freedom v. It is well known that this stochastic model
is equivalent to the model u; |w, ~ N(0,02/w,) involv-
ing gamma-distributed latent variables w, ~ G(v/2) (cf.
Koch and Kargoll 2013). Common designs of the time-
variability models include polynomials defined by B, =
1 z!' .-+ " 1. Clearly, time-dependency is eliminated
either for m = 1 (in which case we may write o; ; = y; | =:
aj),orforyjn = ... = y;,, =0 =1,...,p). If
it is not known whether an AR model is time-variable or
not, it makes more sense to keep these parameters ¥ =
V125 s Vims-oos Yp2se-esYpm]! in the model and to test
their joint significance. For this purpose, we define the null
and the alternative hypothesis by

Hy:Y=0 vs. H :Y #0. 2)
A natural choice for a test statistic that measures deviations
from Hj (i.e., the degree of ¥ being nonzero) in a cumulative
manner is given by the weighted sum 7 = IA’TZAT ;;f’ of
squares of the estimates of Y, involving the corresponding
joint (a posteriori) covariance matrix. In simple cases, it
might be sufficient to test against a linear drift of an AR(1)
process, i.e., to expand the time-variable AR(p) process up to
p=1landm = 2,and to test Hy : y, = 0 versus H; : y, #
0, writing more simply oy = y; + 1 - ¥, instead of o; | =
1.1+ T - ¥1.2. Then, the previous test statistic would simplify
to T = 3/ 6;2. However, even in this simple setting, it
is not known how well the probability distribution of this
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statistic can be approximated by a standard distribution (say,
a t-distribution), due to the intricacy of the entire observation
model. Therefore, we pursue the solution of this testing
problem not via the derivation of an approximate distribution
(which might even be intractable), but via the following
bootstrap approach.

3 Bootstrap Approach to Solving
the Testing Problem

Since the distribution of the test statistic about the time-
variability parameters is unknown, we resort to simulation-
based bootstrap testing. The general idea is to generate a
large number of sampled values for the test statistic under the
assumption that H) is true, and to define the critical value for
the (one-sided) test as that value which is exceeded by only
a % of the sampled values. This allows us then to assess
whether the value of the test statistic computed from the
given measurements is too large as to support Hy, which is
the case when that value exceeds the previously simulated
critical value. The individual steps of this approach are
outlined in the following for the general problem of testing
against a time-variability model with specified polynomial
order m and AR model order p with given measurement
results £, deterministic model f (x), time-variability design
matrix B and significance level o.

Estimation Step The modified EM algorithm described in
Kargoll et al. (2018b, Section 3) was extended by the lin-
earization procedure explained in Alkhatib et al. (2018,
Section 3). This algorithm outputs the estimates X of the
functional parameters, the estimates y of the parameters of
the time-variable AR process alongside their joint covariance
matrix X ; 55 the estimate 62 of the scale factor as well as
the estimate D of the degree of freedom of the underlying
t-distribution, and estimates # of the white noise residuals.

AT ~A—1 A
Testing Step The value T =Y X ;Y of the test statistic

is computed.

Generation Step The generation scheme begins with the
sampling of the white noise components ut ) for the time
instances ¢t = 1,...,n and the MC iterationsk = 1,..., B
(where B is the total number of bootstrap samples). For this
purpose, we consider the following two alternatives.

(1) Parametric bootstrapping: random numbers with respect
to the Student #;(0,5%)-distribution are independently
generated for the white noise component uik

(2) Nonparametric bootstrapping: random numbers
with respect to the discrete uniform distribution 2/ (1, n)

are drawn with replacement to define u(k) = I,/\ll(k)
t

A®
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(thereby re-using the residuals & from the Estimation
Step).

To ensure that the B measurement series are generated under
H), that is, under the assumption of a time-constant AR pro-
cess, we take the time-wise means &; = i Y (=
1,..., p) of the estimated AR coefficients & ; = B, ;. For
when Hj is true, then all of the AR coefficients are constant
throughout time, and the estimated means can be expected
to approximate the true constant coefficient values. Now,
the previously generated white noise components are corre-
lated recursively through evaluation of the time-constant AR
model equation e = Zp 1@je (k) -+ ™), using the initial

values e(() )= ... = e[(k)p 0. Adding to these colored
noise components the estimated deterministic model yields
the sampled measurements E( ) = fi(x)+ e ) The resulting
measurement series £ %) is adjusted in exactly the same way
as the actual measurement series £ within the previous Esti-

mation Step, which gives the sampled estimates x ¢ 0 y(k)

o (k
( ) , (6H® and p®) The sampled test statistic is obtained

by T(k) = (Y )T(Z(k)) Y , as in the Testing Step.

Evaluation Step To determine how extreme the test value T
is in comparison to the values T, . . ., T8 generated under
Hyj, we estimate the p-value by

B
- ; ZI(T“‘) >T), 3)
k=1

according to McKinnon (2007, Section 2). Here, I is the
indicator function, which takes the value 1 in case the
argument is true, and the value O if the argument is false.

Decision Step A large p-value indicates a rather large sup-
port of Hy by the data. Thus, we reject H if the estimated
p-value is less than the predefined significance level .

Note that when the random deviations of the measure-
ments can safely be assumed to be normally distributed, then
the bootstrap tests can be carried out in a similar way as
described. The main differences are that

1. the degree of freedom of the t-distribution is not estimated
but fixed a priori within the Estimation Steps by setting
it to a large value, e.g. to 120, for which value the t-
distribution closely approximates a normal distribution.

2. random numbers with respect to the normal distribution
N (0, 6?) are independently generated for the white noise
components within the parametric bootstrapping of the
Generation Step.

The form of the test statistic 7 = I?Tf ;;f/, however,

remains unchanged.
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4 Monte Carlo Simulation

We consider the linear regression time series model

M
a
l = 20 +Zaj cos 2m fjT;) + b sin Qn fijv) +e; (4)
j=1

(t = 1,...,n), consisting of sine and cosine basis functions
with unknown (“Fourier”) coefficients ag, ay, . . ., ap and by,
..., by (collected in the parameter vector x), and of random
deviations. The Fourier frequencies

fi=8-jMz (j=1...M) 5)
are treated as error-free quantities. We set the number of
frequencies in this simulation to M = 12 as a typical number
encountered in vibration analysis experiments involving real
accelerometer measurements (see Sect. 5 and Kargoll et al.
2018a). Furthermore, ti,...,7, are given time instances
sampled with constant sampling rate At = 0.00512 s, begin-
ning at time 7; = 67.68128s. The number of observations
is n = 10,000. This functional model is linear, so that the
design matrices A[,x25 is immediately obtained (without
linearization). Concerning the colored noise e;, we specified
a time-variable AR(1)-process using the global polynomial
a; = y1+y2-1, of degree 1. For y, = 0, the AR(1)-processis
time-constant. The simulation of the p-values (pv")) and the
power function consists for every repetition i € {1,..., 100}
of the following steps:

— Generate the white noise ufi) from the true t-distribution
13(0,107%) forz = 1,..., 10, 000.

— Correlate the white noise by means of the AR(1) process
et(i) = oct,let@l + u,gi) with o; 1 = y1 + y2 - ;. We fix here
the true offset parameter y; = —0.5, and we vary the true
slope parameters y, in steps [0 : 0.0001 : 0.003].

— Add generated colored noise to a specified oscillation

model (4) to determine observations £ @,
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— Do the Estimation Step to obtain @, $©, )Af(yl;,, 6o, p®
using exactly the same functional and time-variable AR
model as described before. ' 4

— Carry out the Testing Step to compute 7@ = (5{/ 65’2))2.

— Carry out the Generation Step (parametric/nonparametric)
to compute 7% for k = 1,..., B. In order to demon-
strate the performance of the bootstrap test, we use exactly
the same functional and time-variable AR model as in the
previous Estimation Step. In particular, the model orders
p and m with respect to the, respectively, AR and time-
variability model are maintained.

— Carry out the Evaluation Step to compute pv®).

This simulation was carried out for the bootstrap sample
sizes B =19, B = 99and B = 999. According to Davidson
and MacKinnon (2000), B should be chosen such that « -
(B +1) is an integer. In this paper we fixed ¢ = 0.05, so that
B = 19is the least possible value. Since the loss of power of
a bootstrap test is proportional to 1/ B according to Davidson
and MacKinnon (2000), we investigated the largest number
B = 999 possible with the computer hardware available in
our experiment. With this number, we can already be quite
sure that the resulting p-values are not overly dependent
on the particular sequence of random numbers. The results
of the estimated pv‘")-values for the case y» = 0 (i.e., a
time-constant AR(1) process) are shown in Fig. 1. Somewhat
surprisingly, varying B does not change the p-value very
much within a MC run. Most importantly, the size @ = 0.05
is reproduced well on the average since the Hy-rejection rate
for all 100 replications, defined by

100
> 1P < 0.05)

i=1

1
100

turned out to be 0.04 for parametric and 0.05 for non-
parametric bootstrapping. Figure 2 shows the empirical
power function (sensitivity of the hypothesis tests) evaluated

at y, = [0 0.0001 0.003]. We see that a linear
Fig. 1 Comparison of estimated 1 =2
pvD-value (rejecting the null —BS 19 ‘
hypothesis whenever 081
pv® < 0.05) under the '
time-constant AR(1) model
(y2 = 0) for different bootstrap 3 06
sample sizes )
Q0.4
0.2 p
D l 1 L I 1 L 1 J
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Fig. 2 Comparison of estimated
pv¥-value (rejecting the null
hypothesis whenever

pv® < 0.05) under the AR(1)

model with time variability 080/
parameter values .

¥y2 = [0:0.0001 : 0.003] for § 0.60
parametric and nonparametric &

bootstrapping 0.40

0.20}

LB
0 L

time-variability with a slope of 0.0015 is detected with
a relative frequency of about 0.80. This slope value may
be viewed as an empirical analogue to the size of an
outlier detectable with a specified probability of 0.80 within
Baarda’s reliability theory.

5 An Application to Vibration Analysis

We applied the bootstrap approach to testing for time-varia-
bility of an AR process to a vibration dataset measured
by means of a highly accurate single-axis PicoCoulomB
(PCB) Piezotronics accelerometer. As part of a vibration
experiment, carried out at the Institute of Concrete Con-
struction at the Leibniz Universitit Hannover, that sensor
was mounted on a shaker table, which was set to an oscil-
lation frequency of 16Hz. This frequency is well below
Nyquist frequency of half the sampling frequency of the
accelerometer (195/2Hz) and thus detectable. The dataset,
which spans about 45 min of measurements, is characterized
by initial transient oscillations with irregular amplitudes but
stable frequency (approximately throughout the first 1,500
data values), followed by a stationary oscillation with stable
amplitudes. The dataset excluding the initial phase was
previously modeled in Kargoll et al. (2018a) by the truncated
Fourier series (4) with M = 12, with AR random deviations
e;, and with t-distributed white noise components u;. The
frequencies were treated as the fixed quantities f; = j - 8
Hz (j = 1,..., M). Besides the main frequency f, = 16
Hz, 11 other frequencies at multiples of 8 Hz with asso-
ciated small amplitudes were identified within the discrete
Fourier transform. These were suspected to arise from the
physical properties of the shaker table and thus modeled
deterministically. The Fourier coefficients ag, ai, ..., ans
and by, ..., bj» were treated as unknowns and collected
within the parameter vector x. In Kargoll et al. (2018a),
the initial phase was modeled by employing the observation
model (4) in connection with a time-variable AR(6) model
involving cubic polynomials defined by B, = [1 ! 72 7]

195

sg® 020000 00 0 0

- . nonparametric BS|

* parametric BS

05 1 15 2 25 3
slope parameter %1078

This model was found by trying out different AR as well
as different polynomial model orders until the periodogram
excess of the estimated white noise residuals appeared to
be small in comparison to theoretical white noise. The
reasonable choices m € {2, 3, 4, 5} correspond to polynomial
models defined by

- B, =1 t]form = 2 (linear drift),

- B, =1 ! t?]form = 3 (quadratic polynomial),
- B, =]l t! 2 t}]form = 4 (cubic polynomial),
- B, =[l ¢! 77 1} t}]form =5.

Figure 3 shows for the fixed AR model order p = 6 that the
time-variability model with m = 4 results in the acceptance
of the white noise test since its cumulated periodogram
excess over theoretical white noise lies completely within
the approximate 99% significance bounds. In contrast, the
white noise hypothesis is rejected for the choices m = 2,
m = 3 and m = 5. However, as the white noise compo-
nents contain outliers when the degree of freedom of the
underlying t-distribution is relatively small, the periodogram
estimate might be affected and contaminated by outliers.
We therefore seek to improve the model selection step with
respect to the polynomial order of the time-variability model
by carrying out the bootstrap test given in Sect. 3. For this
purpose, we retained within the current study the AR model
order of p = 6 and considered the testing problem (2)
for m € {2,3,4,5}, Assembling the complete B-matrix
from one of these choices at a time, the corresponding p-
value estimate was computed (as explained in Sect. 3) both
under parametric and nonparametric bootstrapping, as well
as for both B = 99 and B = 999 bootstrap samples (see
Table 1). Since the averaging (3) yields increasingly precise
p-value estimate with increasing number B of bootstrap
sample, and since some of the estimated p-values change
considerable when taking B = 999 instead of B = 99
bootstrap samples, we conclude that B should be at least
B = 999. This confirms the finding of McKinnon (2007)
that “it might be dangerous to use a value of B less than
999”. For that number of bootstrap samples, we see that the
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Fig. 3 Excess of the estimated
periodograms of the decorrelated

residuals for m = 2 (dotted red 0.2
line), m = 3 (dotted blue line),
m = 4 (solid blue line) and ot

m = 5 (solid red line) with
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respect to the AR(6) model over

the theoretical white noise
periodogram (equal to 0);

approximate 99% significance
bounds are displayed as the two
heavy black lines

©
—

o
[®)

periodogram excess over white noise

Table 1 Estimated p-values for the parametric and the non-parametric
version of the bootstrap test for time-variability of an AR(6) process,
modeling random deviations of the observation model (4) for the initial
segment of the analyzed accelerometer dataset

m 2 3 4 5

Parametric (B = 99) 0 0 0.03 0.17
(B =999) 0 0 0.02 0.20
Non-parametric (B = 99) 0 0 0.07 0.10
(B =999) 0 0 0.03 0.19

p-values obtained by non-parametric bootstrapping are very
close to the values obtained parametrically by generating
random numbers from the fitted t-distribution. We therefore
conclude that this choice can safely be made by the user
according to computational convenience. Most importantly,
the p-values (for B = 999) are well below the standard
significance level « = 0.05 for the cubic polynomial model
(m = 4), which previously was found to be the only adequate
one. As the p-values with respect to the linear drift model
(m = 2) and for the quadratic polynomial model (m = 3)
are zero, the null hypothesis of ‘no time-variability of the AR
model’ is not supported by the data, as for the test against the
adequate cubic polynomial model. In a practical situation it
might be desirable to formulate the more general alternative
hypothesis ‘The AR model is time variable.” The previous
results show that any of the aforementioned specific alterna-
tive models (linear drift, quadratic, cubic polynomials) could
be used within the Estimation Step and the Generation Step
because each of these models implies the correct rejection
of the null hypothesis. Increasing the optimal polynomial
order of m = 4 to m = 5 apparently desensitizes the test
since the p-values now exceed any reasonable choice for
the significance level, resulting in the inadequate acceptance
of Hy. In a previous study, we found that assuming an AR
model order too small or too large often results in inferior
model estimates, which behavior was documented by an
unstable acceptance rate of a white noise test (see Kargoll
et al. 2018a, Figure 9). Thus, estimated AR models have a

20 30 40 50 60 70 80 a0
frequency [Hz]

tendency to be acceptable only within certain ranges of order.
We suspect that a similar phenomenon might occur for the
order of the time-variability model, but we cannot prove this
finding, yet.

6 Summary, Conclusions, and Outlook

We presented a statistical procedure based on MC bootstrap-
ping to test the null hypothesis that the random deviations of
a regression time series follow a time-constant, fixed-order
AR process. The alternative hypothesis may be specified by
an arbitrary linear model that forces each AR coefficient
to lie exactly on a time-dependent deterministic function.
To take a potentially large number of outliers of unknown
frequency and magnitudes into account, the input white noise
to that AR process was modeled by means of a t-distribution
with estimable scale factor and degree of freedom. Since the
exact and even approximate test distribution are unknown,
the MC bootstrapping yields an estimate of the p-value,
which may be compared to a specified significance level
to arrive at the test decision. A closed-loop simulation
showed that the specified significance level of the bootstrap
test is reproduced closely. Moreover, the application of
the bootstrap test to an initial segment of an accelerome-
ter measurement series, which was previously modeled by
means of cubic polynomials with respect to a time-variable
AR(6) process, showed that the null hypothesis of no time-
variability should indeed by rejected in favor of linear,
quadratic or cubic polynomials. We may therefore conclude
that the model of linearly drifting AR coefficients may be
used in a test against the general alternative that the ‘AR
model is time-variable’. This conjecture, however, should be
further investigated in the future. The real-data study also
demonstrated that at least 999 bootstrap samples should be
generated to obtain adequate p-values. Both the closed-loop
simulation and the real-data analysis showed that parametric
bootstrapping (using the t-distribution estimated from the
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given dataset) and non-parametric bootstrapping (drawing at
random with replacement from the estimated white noise of
the real-data adjustment) in order to generate the white noise
samples result in very similar p-value estimates. It appears
that the presented bootstrap approach may be adapted to
similar testing problems in the context of time series analysis
involving intricate parametric models.
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Abstract

Many geodetic measurements which are automatically gathered by sensors can be inter-
preted as a time series. For instance, measurements collected by a satellite platform along
the satellite’s track can be seen as a time series along the orbit. Special treatment is
required if the time series is contaminated by outliers or non-stationarities, summarized
as ‘suspicious data’, stemming from sensor noise variations or changes in environment.
Furthermore, the collected measurements are often — for instance due to the sensor design
— correlated along the track.

We propose a general estimation procedure accounting for both, correlations and the
presence of suspicious data. In the estimation scheme, we adjust an autoregressive (AR)
process of a given order p to model the correlations in a residual time series, which can
then be used as a very flexible and general stochastic model. The AR-process estimation
is iteratively refined by screening techniques based on statistical hypothesis tests and thus
robustified. We incorporate different indicators to detect suspicious data or changes in the
underlying process characteristics, i.e. changes in the mean value, variance and signs of the
residuals.

Here, we apply the procedure to gravity gradient observations as collected by the Gravity
Field and Steady-State Ocean Circulation Explorer (GOCE) satellite mission in the low
orbit measurement campaign. The estimated autoregressive process is used as a stochastic
model of the gravity gradients in a gradiometer-only gravity field determination following
the time-wise approach. The resulting estimates are compared to the counterparts of the
official EGM_TIM_RLOS processing. Additionally, with newly processed level 1B GOCE
gravity gradients at hand we pursue comparison of the robust and conventional approaches
for original and reprocessed data.
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1 Introduction and Related Work

Modern sensors deliver a big treasure of measurements
to determine process parameters of the Earth system. A
prerequisite for a consistent model, which does not only
describe the signal information but also its uncertainties
in agreement with the data characteristics, is a clean and
accurate modeling. Data adaptive strategies are necessary to
adopt peculiarities of the measurement series.

Robust estimation techniques, introduced in 1760 by
R. Bogkovi¢, and data snooping (Baarda 1968) have a long
tradition in geodesy. Already in 1905, FR. Helmert discusses
the regularity of sign chances in time series (Helmert 1905).
Whereas time series at that time had a manageable number
of observations present-day sensors provide a huge number
of measurements. In addition, these measurements are often
highly correlated and therefore the identification of erro-
neous data is not straightforward. Various studies cover the
topic of parameterization of correlations in the time domain
as well as in the spectral domain (see e.g. Kay and Marple
1981) also with special attention to time series contaminated
by outliers (Fox 1972; Kleiner et al. 1979; Chang et al.
1988). Decorrelation procedures by digital filters derived
from the parameterization of stochastic processes are also
widely used in geodetic applications (cf. e.g. Schuh 1996,
2003; Klees et al. 2003; Siemes 2008; Krasbutter et al. 2014,
Farahani et al. 2017; Schuh and Brockmann 2018). Also
robust strategies with an assumed ¢-distribution for the errors
and the data are studied (Kargoll et al. 2018a,b).

The studies carried out for this paper are part of the
processing campaign of the Gravity Field and Steady-State
Ocean Circulation Explorer (GOCE) satellite mission. The
latest gravity field recovery with the time-wise approach
has been carried out by Brockmann et al. (2014) using
preprocessed level 1B GOCE gravity gradients prepared
by the GOCE HPF-team. Recently, this level 1B product
has been reprocessed (Siemes 2018) applying an improved
calibration using quadratic factors and a new overall repro-
cessing campaign is established.

In this contribution, a two step approach is proposed to
analyze the data and to identify suspicious data. Suspicious
data refers to all data points whose characteristics do not
agree with the majority. These characteristics can be small
or large deviations of single or mean values, changes of the
measurement noise or non-stationarity of the correlations.
The analysis is performed on the residuals with respect to
a prior model, e.g. an interim model or a precursor model,
which is computed with a much larger amount of data and
therefore has a much higher precision compared to the single
measurements or a single track, which has to be analyzed. In
a first step, the correlated dataset is decorrelated by a digital
filter (e.g. AR-filter). The decorrelated residuals are analyzed
with respect to suspicious data, which are then identified and
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tagged. In a second step, the stochastic characteristics of the
measurement series are modeled by a robust estimation of an
autoregressive process excluding the suspicious data.

The focus of this paper is on the screening methods and the
processing of the new gradient data. In this study, we apply
the data screening methods to estimate the AR-processes as
a stochastic model for the GOCE gravity gradients. They
are applied on the one hand to the ‘old” L1B data, which
is affected by an imperfect calibration (cf. Siemes 2018).
The assumption of stationarity is strongly violated. On the
other hand, it is applied to reprocessed L1B gravity gradients
derived with an improved calibration (Siemes 2018).

The time-wise approach is based on a GOCE-only solu-
tion using an advanced stochastic modeling (e.g. Pail et al.
2011; Brockmann et al. 2014). Precisely, the autoregressive
stochastic processes are used for decorrelation in the gravity
field estimation. We intend to contribute the advance of the
solutions both to the improved level 1B data and to the
improved decorrelation, resulting from the improved data
screening methods.

Section 2 introduces the data model and the robust esti-
mation of the stochastic model and the identification of sus-
picious data. In Sect. 3, results for the stochastic model are
provided and the results for the old and the new data are
compared. Section 4 uses gradiometer-only gravity field solu-
tions to validate the stochastic models and to highlight the
improvements. This is followed by concluding remarks in
Sect. 5.

2 Estimation of Stochastic Processes

2.1 Residual Time Series

Suppose residuals are computed with respect to some refer-
ence parameters X, which are either parameters from an exist-
ing reference model or results of an adjustment procedure of
a previous iteration. The stochastic residuals Y which should
be analyzed in the following are

YV =Apx— L. (1)

L are the original observations which include the deter-
ministic part modeled by Apx and Ap, the deterministic
design matrix. The residuals V are used as purely stochastic
‘observations’ in the following to adjust the parameters of a
stochastic process within a least squares estimation.

In the upcoming sections, it is assumed that the time series

VI ADJ)} - Ll
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can be partitioned into S sets, such that the subsets V; are
equispaced (i.e. constant At,) and continuous (i.e. gap-less)
sets V; of different lengths N;.

2.2 Data Model

As the model is the same for any V;, for better readability,
Y : =V, foranys € {1,...,S} 3)

is defined for the description of the model, being one of the
continuous and gap-less sets with length N := N;.

The data model regards each observation V; for i €
{1,..., N} as a composition of the stochastic signal S; and
noise N;

Vi=S + N 4)

It is supposed that the stochastic part can be described
with a stochastic process which takes the form of an AR(p)
representation

P
V; ZZOlei—j-i-& (5)

=1

of a fixed order p < N.

23 Robust Estimation of AR(p)-Processes
Special attention has to be given to the issues of outliers
in autoregressive models. The definition of innovation out-
liers (cf. Fox 1972) is representative for the masking of
contaminated noise into signal components (Eq.(5)). As
a consequence, the estimation of the signal process with
stationarity assumption can be significantly affected. This
also raises the question whether the additive outlier can be
recovered in the decorrelated residual time series.

Concepts of robust statistics include patchy outlier distri-
butions which enables outliers to appear in patches (Kleiner
et al. 1979). Furthermore, robustness is generally achieved
via a bounded influence function, among which the ko-
rejection-estimator allows for a direct relation to testing for
single outliers and outlier patches.

Estimating the p autoregressive parameters ¢; from the
data V, least squares observation equations for the autore-
gressive functional model of order p read

p
Vi4Ri =) Vi =ala ©)
j=1
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with a; being the rows of the design matrix 4. Note, that in
contrast to a typical Gauss-Markov model the design matrix
consists of observations as coefficients. The AR-process
coefficients follow from the least squares estimate using a
specific realization v by

T=(A"WwAa) " ATWo %)

assuming initially a diagonal identity matrix as weight
matrix, W = 1. Therefore, the normal equations are closely
related to the Yule-Walker equations (Schuh and Brockmann
2018). The filtered, i.e. decorrelated, realizations of the
residuals

r=Aa—v ()

are used in the screening and the hypothesis tests.
Robustness implies the use of a bounded influence func-

tion, among which we choose the ko-rejection-estimator

(Kleiner et al. 1979) for single outliers and outlier patches,

ey =" Inl=ko ©)
ri) =
K 0 |r|>ko .

In this form one can assess a quantile k as the multiplier to
the variance o.

24 Residual Screening

As a first test we eliminate large single outliers. The null
hypothesis Hy : E{R;} = 0 and alternative hypothesis
Hy : E{R;} # 0 lead to the definition of the test statistic

and distribution Touiier = Ri ~ N(0,0?). From this
and the realization foumier.; = |r;|, the decision is derived
from evaluating Zoygier.i < kfv_(g/lz) o which, if true, results

in the acceptance or, if false, leads to rejection of the null
hypothesis. The quantile value kfv_(g‘/lz) is computed from
the standard normal distribution with respect to a very low
level of significance a. The variance o2 is estimated based
on the median absolute deviations (MAD) scale estimator
Sgap = 1.4785 MAD(r) (see e.g. Huber 1981, Sect. 5.1).
For this test and all further tests we assume that §,, has
no uncertainty. This assumption is justified by the fact that
Sgap is estimated from the whole data sequence with a
significantly larger number of data points. Of course, all
tests statistics follow their distributions only approximately,
although we denote them as applying exactly. This hypoth-
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esis test and all further tests are summarized in a uniform
compact representation by

Hy:E{R;} =0 vs. Hy: E{R;}#0

7:)utlier =R; ~ N(Ov gl\%[AD) (10)
foutlier,i = |Fi| < kfv_(g/lz) SMAD- (11)

All further tests for suspicious data are applied to areas,
e.g. by testing over a certain period of time 7;, which is
in our case a fraction of orbit period. For the application
at hand, and exemplarily for the mean test described next,
we use the 1/30, 1/40 and 1/50 part of the orbit period
of approximately 1.5h, i.e. ny; = 179 values for 71 =
1/30 orbit. These values change depending on the test and
were all empirically determined by visual inspection to give
feasible results.

The first test statistic for testing the deviation from zero
mean and corresponding quantile are

nr, nr,
1 1

Hy: E Ri¢ =0vs. Hy: E Ri¢ #0
1

Toen = D Ry ~ N San/n1) (12)
1 j=1
1 i+I’LTl—l 1

Imean,i = nm, Z rj| = \/nT/ kfv_(g/lz) SMAD. (13)

j=i

We test for changes in the variance by taking the ratio of
the sum of squared residuals RTR in the test window (1 /50,
1/60 and 1/70 part of the orbit period) and the global robust
variance estimator 5, - The quantile value is taken from the
x? distribution with the number of data points in the test area
as degrees of freedom, i.e.

I‘ITI

2l _ =2
E Ri ¢ = Spap VS-
=1

1

nr,

H()ZE

T

1 y
Hi:EQ D ORI E > Siap
T

j=1

T 2
Zj:l Ri o 42
2 X,
MAD

i+ny—1 5
Zj:i T
Z‘var,i = ~2 =< k
SMAD

7:/ar = (14)

X
L (15)
The sign test was pioneered by Helmert (1905). Fol-
lowing his work, the difference in the amount of the signs
#AXp0s — #Xeg| Of a random variable X’ needs to be shifted
by population size n7, and divided by 2 to follow a symmetric
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binomial distribution. Thus, we can test the sign imbalance
occurring within the length of the test window ny, (1/10,
1/20 and 1/30 part of the orbit period) using the realization
Lsign, i - Formally the test then reads

H()ZE

"
Zsign(Ri)} =0 vs.

i=1

nr
Hy: E Zsign(Ri)§ £ 0
i=1
1 <
Tien = , | 77 + ) sign(R;) | ~ B(nz.0.5). (16)
j=1
i+nr—1
foign. =‘ 3 sign(rj)‘ < 200y an)

j=i

Furthermore, we account for a natural occurrence of sign
changes. In the sense of Helmert (1905), the cases of no sign
changes (+ + + + + and — — — — — ) and continuously
alternating sign (+ — + — + and — + — + —) are equally
improbable. This relation is achieved by the sum over the
product of consecutive signs. Again, a shift and scale by 2
lead to a binomially distributed test statistic from which the
test criterion (applied to 1/20, 1/30, 1/40 part of the orbit)
is formulated as

n—1

Hy: E Z sign(R;) sign(R;4+1) ¢ = 0 vs.

i=1

"T1—1

Hy: E Z sign(R;) sign(Ri+1) ¢ # 0

i=l1

”Tl_l
1 . .
Tsich = ) ngy —1+ Z sign(R;) sign(R;+1) s
j=1 ( )
~ B(ng, —1,0.5)
i+nr—2
lsich,i = ‘ Z sign(r;) sign(rjﬂ)‘
j=i (19)
< 240D gy — 1),
25 Further Considerations

Gaps between outliers that are shorter than the filter length
are additionally flagged as identified suspicious data to avoid
numerical problems. For the same reason, areas with many
suspicious data identified are specially handled. Thus, if
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60% of the filter length are outliers the area is flagged
completely. For the estimation and later when using the filter
for decorrelation, special attention has to be paid to data
points at the begin of the time series, as they are affected
by the filter warmup. Either the observation equations for the
filter coefficients can not be constructed as the observations
from the past are missing, or — due to the same reason — they
cannot be fully decorrelated. Consequently, the first p = 800
data points (after a gap) have to be treated as if they were
flagged as suspicious. Within this study, no effort was spend
on minimizing the effect, as due to the high amount of data,
compared to the filter length of p = 800, the additional data
loss can be neglected. But, from a theoretical point of view,
methods exist to minimize the data loss (e.g. Siemes 2008,
Chap. 4), which are applicable in this context as well.

All tests summarized above are applied in moving win-
dows and for different area lengths which were empirically
determined specific to the tests. The priority of the test
criteria is applied in the above order with a decreasing area
length. Consequently, 13 tests are performed to each data
point. Following this, outlier flags will appear on multiple
tests but they are attributed to the first positive test in the
order of testing.

2.6 The Data-Fitting Approach

The algorithm scheme at hand is an iterated weighted least
squares (IWLS) in the sense of Kleiner et al. (1979). After
estimation of the autoregressive parameters using a least
squares adjustment, cf. Eq. (7), we apply the screening
methods to the residuals r. With the acquired outlier flags
from hypothesis testing, the least squares adjustment is
recomputed without the identified data by eliminating the
rows in the design matrix. This corresponds to applying the
weighting function

_ Yr(i) _ )1

i =

T 0 flagged as suspicious

accepted
(20)

Fig. 1 Comparison of the
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of the robust estimator, cf. Eq. (9), to w. The procedure is
iterated until convergence.

3 Numerical Example: Application to
GOCE Gravity Gradients

3.1 GOCE Data Used

We have gravity gradient observations collected by the
GOCE satellite mission (Floberghagen et al. 2011; Rummel
et al. 2011). Figure 1 shows a short part of the time series
comparing the old (imperfect calibration) and the new
data (updated calibration from Siemes 2018). Visually, the
reduction of the systematic disturbances from the old data to
the new data is obvious. In the following, different solutions
are generated. To discriminate them the colors as indicated
by Table 1 are used.

Two segments of the GOCE time series are used for the
analysis of this paper as a proof of concept, cf. Table 2. They
are part of the extended mission phase, the data are captured
at a lower orbit with —8 and —30 km orbit reduction.

GOCE data contains some inhomogeneities and non-
stationarities in the shape of extremely large disturbances,
systematic oscillations or data gaps. As these were more

Table 1 Data description: both the non-robust solution from
EGM_TIM_RLOS setup (RLO0S) as well as the robust filter solutions
denoted as old use the old data
ID Description
RLO05 Solution from EGM_TIM_RLOS setup
Old Official data, robust filters
New reprocessed data, robust filters

The new robust filters ( ) utilize the reprocessed data

Table 2 Data segments used for the numerical tests

D Start End Orbit info
1 09/Nov/2012 04/Feb/2013 —8km
2 30/May/2013 31/Jul/2013 —30km

official data (blue) and the newly
processed data (yellow)

L

o

(=]
T

|
N
o
o

T

residuals [mE]

-300f

—4 1
096Jun 18:00

1 1 1
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prominent in the old, i.e. original data, segments from which
decorrelation filters were estimated had to be kept relatively
short. With the newly processed level 1B GOCE gravity
gradients and the robustified method we can manage to
estimate stable decorrelation filters from longer segments.
Consequently, the computational effort is reduced.

3.2  Analysis of Suspicious Data

Figure 2 shows possible scenarios of detected and identified
suspicious data in the GOCE time series. Within the shown
zoom, the systematic disturbances identified by the testing
procedures (cf. Sect.2.4) are obvious. The color code rep-
resents the hypothesis test which identified the suspicious
data points. However, some effects are not necessarily visible
and cannot be visually identified as suspicious due to the
high amount of data points. Note, that the data detected by
the mean test is typically also identified by the sign test (cf.
Fig. 2, bottom). We furthermore see that the remaining time
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The numbers of identified outliers are presented in
Tables 3 and 4. Using the same data, but improved screening
methods, the number of outliers could be significantly
decreased (‘RLOS’ vs. ‘old’) for all components except Vyy.
For Vyy, most affected by the imperfect calibration, more
suspicious data were identified. The improved screening
detects more contaminated data points and selects only the
highest quality data. Using the improved screening, for the
old and the new data (‘old’ vs. ‘new’), a significant decrease
of detected suspicious data is observed. This reduction is
attributed to the improved quality of the new reprocessed
data set. The most significant decrease appears in the
Y'Y -component, which was affected most. Note, that the
generally lower noise level of the reprocessed data can also
lead to the detection of smaller systematic effects, such that
outlier percentages increase.

Table 3 Percentage of outliers for segment 1 (09/Nov/2012-
30/May/2013, number of data: 7.5 million)

series has mostly the characteristic of white noise. Vxx Vry Vzz Vxz Total
Comparable to the shown example, the procedure of RLOS 10.0% 93% 2.5% 10.3% 2.8%
Sect. 2 produces a log-file, providing the testing results for Old 3.3% 15.5% 2.5% 2.5% 6.0%
C . . ... 3.8% 3.4% 3.8% 4.1% 3.8%
each individual data point and for each individual test. T .
Within this analysis, an observation is not used for process Bold values indicate notable decreases of outlier percentages
estimation as well as for gravity field estimation as soon as a
single test indicates a suspicious observation.
Fig. 2 Example of screening
results with time series R
(above) and identified flags . outliers
(below) for all tests my
€ © gaps
8 * mean r/30
.'5 e mean r/40
4 3 + mean r/50
-40 I | = varr/50
: 3 : : var r/60
15:30 16:00 16:30 17:00 + varr/70
time
+ signr/10
sign r/20
outliers I .S
gaps sign r/30
mean /30 B © siCh /20
m?SP rr50 1 * siChr/30
var r/6Q : : .
var r/70 + siChr/40
sign r/38 T
sign r/ « clusters
ssiI HFBO i borders
S s T
clusters * it
borders
FLAG -
15:30 16:00 16:30 17:00

time
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Table 4 Percentage of outliers for segment 2 (30/May/2013-
31/Jul/2013, number of data: 5.5 million)

Vyx Vyy Vzz Vxz Total
RLO5 3.1% 6.2% 1.2% 3.2% 3.4%
Old 1.6% 6.2% 1.4% 1.5% 2.7%
0.9% 0.4% 0.7% 0.5% 0.6%

Bold values indicate notable decreases of outlier percentages

3.3 Analysis of the Estimated Processes

With the estimated AR-processes at hand we evaluate the
characteristics of the noise model in the spectral domain.
Figure 3 presents the power spectral density (PSD) represen-
tation of the AR-filter for the Vyy gravity gradient. From the
design of the gradiometer, we expect white noise, i.e. a flat
spectrum in the measurement band (vertical dashed lines in
Fig. 3).

The black lines indicate the used filters in the RLOS
processing (no robust estimation applied). Due to the non-
stationarity of the data, four different filters were required to
model the data characteristics. In contrast to that, the blue
line shows the robust estimate from the same input data. As
the suspicious data are identified, a single filter is used to
model the data characteristics. The resulting spectrum is flat-
ter. Using the new data and the robust method improves the
filter solutions on a much larger scale (yellow line in Fig. 3).
Due to the better calibration, the data quality improves
and stationarity becomes a more realistic assumption. This
can be shown by the evaluation of subsegments resulting
in very similar filter estimates, which is not the case for
the old data. Consequently, for the same reasons as stated
in Sect.3.1 the number of segments can be substantially
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reduced. The noise level decreases for the entire spectrum,
even below the measurement band. With the new data, even
during the extended mission, the data have characteristics
close to white noise in the measurement band. Note, that
all other components as well have enhanced data quality and
filters whilst the shown Vyy component has the overall best
improvement.

4 Consequences for Gravity Field
Recovery

Output from the analysis of Sect.3 are robustly estimated
AR-processes, which can be used as decorrelation filters
within the estimation of a gradiometer only gravity field
in a spherical harmonic analysis (Brockmann et al. 2014;
Brockmann 2014, Sect. 6.3.3). In addition to the filters
per gradient component ¢ and segment s, the suspicious
data as identified by the robust estimator is used as outlier
flag information in the estimation of the spherical harmonic
parameters. The observation equations are set up for that
data to keep the segments gap-less and equidistant. After
the decorrelation of the observation equations, the identified
observations are removed from the decorrelated observation
equations. Individual normal equations

1)
for the each segment s and component ¢ are set up and,
if positive definite, i.e. enough observations remained, (21)
is solved without regularization for each ¢ and s. Results
are unconstrained spherical harmonic coefficients x;  and its
covariance matrix X' = Ns_cl,

Xs.cXs.c

\ i i
' —RLO05
w —old data
‘ ' N\ : new data

R

Fig. 3 AR-filter PSD for Vyy
gravity gradient for the second
segment cf. Table 2
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Fig. 4 Degree (error) variances
of the gravity field solution using

T. Schubert et al.

= EGM_TIM_RL05

10°

Vxx, Vyy, Vzz and Vxz data of

new

the first segment. In solid:

empirical from difference to

|—old

EGM_TIM_RLOS. In dashed:
formal from covariance matrix. In

black: Signal (solid) and error

(dashed) degree variances of the

whole mission dataset which is

used as reference

square root of degree (error) variance o; (m)

Figure 4 shows the degree (error) variances of the spher-
ical harmonics gravity field solution for the first segment
from Table 2, already combining the Vyy, Vxz, Vyy and
Vzz gravity gradients. As no regularization is applied, the
near-zonal coefficients are excluded, to suppress the polar
gap. All three setups (cf. Table 1) are compared using the
formal errors (dashed lines) and empirical errors with respect
to EGM_TIM_RLOS (solid lines).

The improvement resulting from the robustified AR-
process estimation is shown from the improvement from the
gray curves to the blue ones. Mainly, the formal errors as
well as empirical errors reduce for all degrees, indicating
that the robust approach has a positive effect for the gravity
field determination, although less data were used in the
estimation. Especially the stochastic model improves, which
results in a more realistic covariance matrix. As its inverse is
the weight matrix in the combination of the gravity gradient
components, their individual strengths are better exploited
in the relative combination. The yellow curves show the
improvements resulting from the improved input data in
combination with the robust method. Empirical as well as
formal errors decrease even more. Furthermore, both show
a nice agreement, indicating that the stochastic model is
realistic and a good estimate. To quantify the improvements,
cumulative degree error variances can be used. At degree
200, a reduction of 10% compared to the ‘RL0O5’ setup can
be seen for the ‘old’ setup. For the ‘new’ setup, the reduction
is about 18% for geoid height errors.

5 Summary and Conclusions

We implement a robust procedure to automatically detect
suspicious data in time series. Special focus is on the robust

100
spherical harmonic degree [

150 200 250 300

estimation of AR-processes from residual time series. The
resulting process can be used as a stochastic model, modeling
the error characteristics of the time series. A sequence of
statistical hypothesis tests is established, which are used to
classify the data into good data points and suspicious data.
They are applied in moving windows to the data, such that
very long time series can be handled by the hypothesis tests.
A wide range of tests is already used, testing for instance the
significance of the mean value or for changes in variance or
occurrence of signs. Implemented as an iterative procedure,
the test decisions are used in a rejection estimator to robustly
refine the estimate for the underlying AR-process.

Within this contribution, the procedure was applied to
highly correlated GOCE gravity gradient residuals to esti-
mate an AR-processes as a decorrelation filter. This decorre-
lation filter is used as stochastic model for the gravity gradi-
ents within gravity field recovery. Within the numerical tests
for selected periods of GOCE observations, it was shown that
improvements with respect to the RLOS solution are possible.
Furthermore, we applied the method to reprocessed L1B
gravity gradients of improved quality. It was shown that the
data improves and with the robust method, very stable filter
estimates are possible which we attribute to an improved
stationarity. The advanced robustified decorrelation filters
have lead to an enhanced identification of suspicious data and
a more realistic and complete error description. Following
this, it can be assumed that the presented tests cover the
majority of systematic errors of GOCE data. The screening
methods presented here work automatically without further
need for manual snooping of outliers and detect systematic
effects that may be visible in the time series only at a small
time scale.

Since the reprocessing has significantly improved the
gravity gradient data the prospect towards the processing of
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the entire mission dataset for the sixth release is promising.
The robust approach will be applied in the processing and
used to determine the decorrelation filters for a time-wise
RLO6 global gravity field model.

Although applied to GOCE here, the proposed method
and procedure is generally suitable and applicable for long
time series and can be applied to different datasets. Fur-
thermore, the set of hypothesis tests can be continuously
extended, thus, it is a flexible and general procedure.

Acknowledgements We thank the anonymous reviewers for their valu-
able comments which helped improving the manuscript. The authors
gratefully acknowledge the Gauss Centre for Supercomputing e.V.
(www.gauss-centre.eu) for funding this project by providing computing
time through the John von Neumann Institute for Computing (NIC) on
the GCS Supercomputer JURECA/JUWELS at Jiilich Supercomputing
Centre (JSC). Some computations were performed on the cluster at the
University of Bonn financed via a DFG Forschungsgrofigeriteantrag
(INST 217/749-1 FUGG). This work was financially supported by the
ESA GOCE HPF project (main contract No. 18308/04/NL/MM).

References

Baarda W (1968) A testing procedure for use in geodetic networks,
vol 5. Netherlands Geodetic Commission, Delft

Brockmann JM (2014) On high performance computing in geodesy —
applications in global gravity field determination. Promotionsschrift,
Landwirtschaftliche Fakultét der Universitidt Bonn, Bonn. http://nbn-
resolving.de/urn:nbn:de:hbz:5n-38608

Brockmann JM, Zehentner N, Hock E, Pail R, Loth I, Mayer-Giirr T,
Schuh WD (2014) EGM_TIM_RLO5: An independent geoid with
centimeter accuracy purely based on the GOCE mission. Geophys
Res Lett 41(22):8089-8099. https://doi.org/10.1002/2014GL061904

Chang I, Tiao GC, Chen C (1988) Estimation of time series parameters
in the presence of outliers. Technometrics 30(2):193-204. https://
doi.org/10.2307/1270165

Farahani HH, Slobbe DC, Klees R, Seitz K (2017) Impact of accounting
for coloured noise in radar altimetry data on a regional quasi-geoid
model. Journal of Geodesy 91(1):97-112. https://doi.org/10.1007/
s00190-016-0941-6

Floberghagen R, Fehringer M, Lamarre D, Muzi D, Frommknecht B,
Steiger C, Pifieiro J, da Costa A (2011) Mission design, operation
and exploitation of the gravity field and steady-state ocean circula-
tion explorer mission. Journal of Geodesy 85(11):749-758. https://
doi.org/10.1007/s00190-011-0498-3

Fox AJ (1972) Outliers in time series. J R Stat Soc Ser B (Methodol)
34(3):350-363. https://doi.org/10.1111/§.2517-6161.1972.tb00912.x

Helmert FR (1905) Uber die Genauigkeit der Kriterien des
Zufalls bei Beobachtungsreihen. In: Sitzung der physikalisch-
mathematischen Classe vom 25. Mai 1905, Sitzungsberichte
der Koniglich Preussischen Akademie der Wissenschaften zu
Berlin, vol XXVIII, pp 594-612. https://archive.org/details/
sitzungsberichte1905deutsch/page/594

207

Huber PJ (1981) Robust statistics. Wiley, New York. https://doi.org/10.
1002/0471725250

Kargoll B, Omidalizarandi M, Alkhatib H, Schuh WD (2018a) Further
results on a modified EM algorithm for parameter estimation in
linear models with time-dependent autoregressive and t-distributed
errors. In: Rojas I, Pomares H, Valenzuela O (eds) Time Series
Analysis and Forecasting, Springer International Publishing, Con-
tributions to Statistics, pp 323-337. https://doi.org/10.1007/978-3-
319-96944-2_22

Kargoll B, Omidalizarandi M, Loth I, Paffenholz JA, Alkhatib H
(2018b) An iteratively reweighted least-squares approach to adaptive
robust adjustment of parameters in linear regression models with
autoregressive and t-distributed deviations. J Geod 92(3):271-297.
https://doi.org/10.1007/s00190-017-1062-6

Kay S, Marple S (1981) Spectrum analysis - a modern perspective. Proc
IEEE 69(11):1380-1419. https://doi.org/10.1109/PROC.1981.12184

Klees R, Ditmar P, Broersen P (2003) How to handle colored observa-
tion noise in large least-squares problems. J Geod 76(11):629-640.
https://doi.org/10.1007/s00190-002-0291-4

Kleiner B, Martin RD, Thomson DJ (1979) Robust estimation of power
spectra. J R Stat Soc Ser B (Methodol) 41(3):313-351. https://doi.
org/10.1111/§.2517-6161.1979.tb01087.x

Krasbutter I, Brockmann JM, Kargoll B, Schuh WD (2014) Adjust-
ment of digital filters for decorrelation of GOCE SGG data. In:
Flechtner F, Sneeuw N, Schuh WD (eds) Observation of the system
earth from space - CHAMP, GRACE, GOCE and future missions.
Advanced technologies in earth sciences, GEOTECHNOLOGIEN
Science Report, vol 20. Springer, Berlin, pp 109-114. https://doi.org/
10.1007/978-3-642-32135-1_14

Pail R, Bruinsma S, Migliaccio F, Forste C, Goiginger H, Schuh WD,
Hock E, Reguzzoni M, Brockmann JM, Abrikosov O, Veicherts
M, Fecher T, Mayrhofer R, Krasbutter I, Sanso F, Tscherning CC
(2011) First GOCE gravity field models derived by three differ-
ent approaches. J Geod 85(11):819. https://doi.org/10.1007/s00190-
011-0467-x

Rummel R, Yi W, Stummer C (2011) GOCE gravitational gradiometry.
J Geod 85(11):777. https://doi.org/10.1007/s00190-011-0500-0

Schuh WD (1996) Tailored numerical solution strategies for the global
determination of the earth’s gravity field, Mitteilungen der Geodétis-
chen Institute, vol 81. Technische Universitit Graz (TUG), Graz.
http://skylab.itg.uni-bonn.de/schuh/Separata/schuh_96.pdf

Schuh WD (2003) The processing of band-limited measurements;
filtering techniques in the least squares context and in the presence of
data gaps. Space Sci Rev 108(1-2):67-78. https://doi.org/10.1023/A:
1026121814042

Schuh WD, Brockmann JM (2018) The numerical treatment of covari-
ance stationary processes in least squares collocation. In: Freeden
W, Rummel R (eds) Handbuch der Geodisie: 6 Binde. Springer
Reference Naturwissenschaften. Springer, Berlin/Heidelberg, pp 1-
36. https://doi.org/10.1007/978-3-662-46900-2_95-1

Siemes C (2008) Digital filtering algorithms for decorrelation within
large least squares problems. Promotionsschrift, Landwirtschaftliche
Fakultit der Universitit Bonn, Bonn. http://nbn-resolving.de/urn:
nbn:de:hbz:5N-13749

Siemes C (2018) Improving GOCE cross-track gravity gradients. J
Geod 92(1):33-45. https://doi.org/10.1007/s00190-017-1042-x


http://nbn-resolving.de/urn:nbn:de:hbz:5n-38608
http://nbn-resolving.de/urn:nbn:de:hbz:5n-38608
https://doi.org/10.1002/2014GL061904
https://doi.org/10.2307/1270165
https://doi.org/10.2307/1270165
https://doi.org/10.1007/s00190-016-0941-6
https://doi.org/10.1007/s00190-016-0941-6
https://doi.org/10.1007/s00190-011-0498-3
https://doi.org/10.1007/s00190-011-0498-3
https://doi.org/10.1111/j.2517-6161.1972.tb00912.x
https://archive.org/details/sitzungsberichte1905deutsch/page/594
https://archive.org/details/sitzungsberichte1905deutsch/page/594
https://doi.org/10.1002/0471725250
https://doi.org/10.1002/0471725250
https://doi.org/10.1007/978-3-319-96944-2_22
https://doi.org/10.1007/978-3-319-96944-2_22
https://doi.org/10.1007/s00190-017-1062-6
https://doi.org/10.1109/PROC.1981.12184
https://doi.org/10.1007/s00190-002-0291-4
https://doi.org/10.1111/j.2517-6161.1979.tb01087.x
https://doi.org/10.1111/j.2517-6161.1979.tb01087.x
https://doi.org/10.1007/978-3-642-32135-1_14
https://doi.org/10.1007/978-3-642-32135-1_14
https://doi.org/10.1007/s00190-011-0467-x
https://doi.org/10.1007/s00190-011-0467-x
https://doi.org/10.1007/s00190-011-0500-0
http://skylab.itg.uni-bonn.de/schuh/Separata/schuh_96.pdf
https://doi.org/10.1023/A:1026121814042
https://doi.org/10.1023/A:1026121814042
https://doi.org/10.1007/978-3-662-46900-2_95-1
http://nbn-resolving.de/urn:nbn:de:hbz:5N-13749
http://nbn-resolving.de/urn:nbn:de:hbz:5N-13749
https://doi.org/10.1007/s00190-017-1042-x

C. Gerlach (X))

®

Check for
updates

Christian Gerlach, Vegard Ophaug, Ove Christian Dahl Omang,
and Martina ldzanovi¢

Abstract

Based on the success of the satellite mission GOCE in providing information on the global
gravity field with high quality and spectral resolution, the realization of the 1 cm-geoid is at
reach, leading to an increased interest in regional geoid modeling. It is therefore necessary to
review theoretical and numerical aspects of regional geoid modeling, including availability
of adequate data. In this study, we deal with the latter aspect, specifically the representation
error implied by the available gravity data.

We use least-squares collocation to derive formal errors of block mean gravity anomalies
and geoid heights for given distributions of scattered gravity stations. By comparison with
independent error measures, we validate a generalized procedure in which we do not base
the solution on an empirical covariance function of a specific test area, but rather use band-
pass filtered global functions. This implies that the procedure is applicable beyond our
specific test-bed and can be used to give general error measures, e.g., for network design in
poorly surveyed regions.

The computations are carried out in a medium size test area along the Norwegian coast,
where the national gravity basis network had been densified in recent years. This allows to
show the gain in geoid accuracy that can be expected from adding the new gravity data.
We show that the signal variance of the regional gravity field corresponds well with the
one derived from the global covariance function, thus validating our generalized procedure.
In previous studies, the accuracy of gravity anomalies and geoid heights in Norway were
estimated to be (on average) around 2 mGal and 3 cm, respectively. We find good agreement
of the formal gravity anomaly error with the empirical measure. By adding the new data,
the gravity anomaly error can be reduced to almost 1 mGal. The formal geoid error can
be reduced from around 1.7 to 1.3 cm (on average). The discrepancy between the formal
error and the empirical measure of 3 cm is probably due to contributions from GNSS and
leveling errors, which are not considered in our formal estimate. The results presented here
show larger errors over ocean areas, because the computations are restricted to land data.
Available airborne and marine gravity will be considered in the future.
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1 Introduction

The satellite gravity mission GOCE (ESA 1999) has con-
siderably increased our knowledge about the global static
gravity field. One of the main geodetic applications of the
GOCE mission is the realization of a global vertical datum.
GOCE-based global potential models (GPM) allow modeling
the geoid with centimeter accuracy for spatial resolutions of
around 100 km (Gerlach and Ophaug 2017). Because short-
scale signal contributions, on global average, reach values of
around 30-40 cm RMS, the GPMs must be combined with
terrestrial data in the region of interest (Rummel 2012; Gatti
et al. 2013).

In regional geoid modeling, several different data sources
are combined. Satellite data provides information on the
long-to-medium wavelengths features of the gravity field,
while terrestrial data (land, marine, airborne) contribute to
the medium-to-short wavelengths. Short-to-ultra-short con-
tributions can be reconstructed from digital terrain mod-
els (DTM) (Sanso and Sideris 2013). The classical com-
bination schema makes use of the remove-restore concept
(Denker 2013). Thereby, terrestrial data is band-pass filtered
by removing signal contributions provided by a satellite-
based GPM and a DTM. The remaining residual signal is
used for field transformation from gravity to geoid. There-
after, the GPM- and DTM-contributions to the geoid are
restored. Field transformation may be performed by Stokes
integration, least-squares collocation (LSC) or employing
alternative representation methods like spherical radial base
functions (Sanso and Sideris 2013; Ophaug and Gerlach
2017).

The accuracy of a regional geoid depends, among other
error sources, on the density and distribution of available
gravity data. The ability of gravity values to represent the
gravity field in between them is called the representation
error, in other words: how well can the continuous gravity
field be represented by a finite number of scattered points?
The representation error decreases with increasing point den-
sity. It is usually larger than the contribution of observational
noise of the gravity data and it is of particular interest
for gravity network design given some final requirements
for the geoid accuracy. Comparison of the representation
error with empirical errors also allows to set bounds on the
magnitude of other error sources, e.g., from observational
noise of input and validation data or from errors in data
reductions.

In this study, we derive formal estimates of the represen-
tation error in a test area along the Norwegian coast and
compare them to empirical errors derived in Agren et al.
(2016) and Gerlach and Ophaug (2017). Test area and point
distribution are presented in Sect. 2.
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The error estimates are derived by LSC. A realistic
description of the signal characteristics is essential for the
interpretation of the results. In standard applications, this is
achieved by deriving an empirical covariance function from
local/regional data. Here, we aim at a generalized procedure,
which is not limited to our specific test area. Therefore,
our covariance function is derived from band-pass filtered
global degree variance models. Band-pass filtering the signal
covariance function is applied to reflect the standard remove-
restore method. The computational steps are described in
Sect. 3.1, the definition of the signal covariance function in
Sect. 3.2.

The error estimates for block mean values of (band-pass
filtered) residual gravity anomalies as well as for residual
geoid heights are validated against empirical error measures
in Sect. 4. Section 5 summarizes the main findings and gives
an outlook on further research.

2 Test Area and Data Sets

The Norwegian gravity basis network (comprising about 280
stations) as well as its regional densifications (almost 10,000
points) originate from the 1970ies. The number of stations
implies an average point distance of about 6 km throughout
the country. The data is the basis of all currently available
regional geoid models. Country-wide comparison of these
regional geoid models with GNSS-leveling data in Norway
shows a misfit of geometric and gravimetric geoid heights of
about 3 cm RMS and implies an accuracy of about 2 mGal
(1 mGal = 1-107° ms™2) for 1 km x 1 km block mean
gravity anomalies, see Agren et al. (2016) or Gerlach and
Ophaug (2017).

In order to investigate the realization of the 1-cm geoid
covering land and ocean areas, the Norwegian Mapping
Authority (NMA) has set up the Sunnmgre test field. It is
about 250 km x 250 km in extension, covering roughly the
county of Mgre og Romsdal in western Norway between
Sognefjord to the south and the city of Kristiansund in the
north. The distribution of gravity stations from the 1970ies
in this area is shown in the left panel of Fig. 1. Between 2012
and 2017 NMA acquired about 3,800 additional gravity
stations (of which around 2,000 fall into our computation
area), leading to an average point distance of only about 2—
3 km. The distribution of the new data is shown on the right
panel of Fig. 1. Note, that we have limited the computations
to the inner part of the area in which most of the new
data are located. Therefore, Fig. 1 does not show all of the
collected data.

In this study, we derive error estimates from either the old
data set, or from the combination of old and new data. We
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Fig. 1 Distribution of land gravity data available in the Sunnmgre test field before 2012 (left) and of data newly acquired between 2012 and 2017

(right). The red boxes show the computation area of this study

will refer to the old dataset as g; and to the combination of
old and new data as g,.

3 Methodology

Our aim is to derive formal error estimates for the accuracy
of geoid heights as derived from datasets g; and g,. This
will give an indication of the gain in geoid accuracy one can
expect from incorporation of the new data. The result will
depend on the increased density of terrestrial gravity data
(representation error) and also on our assumptions on signal
characteristics. Validation of these assumptions is performed
by comparison with empirical error measures in Sect. 4.

3.1 Error Propagation by Least-Squares

Collocation

We apply LSC to derive formal error estimates for geoid
heights and block mean values of terrestrial gravity anoma-
lies. In both cases, gravity anomalies at scattered observation
points Q serve as input data, while the computation points
P are given on a regular geographic grid with a spacing
of 1.2/ x 2.4’ (around 2 km x 2 km). The corresponding
equations read

__ __ _ -1 -

ofh =i - cff (c8y + E,) Clh
NN NN Ng (~sg g¢ \ ! ~Ne

=i - opg(csy + pgy) i @

Matrices ¥ and C represent variance-covariance matrices
of estimation error and gravity field signal, respectively.
Matrix Dy, contains the error of the input data. Since we
are interested in the representation error, we might neglect
the D-matrix. However, we had to add observational white
noise in the order of some tens of mGal to overcome
numerical problems in the inversion of the Cgo-matrix.
Matrix Cop is the transpose of matrix Cpg. Overbar in the
superindex indicates block averaging, i.e., C82 represents
auto-covariances of block mean values of gravity and C?#¢
are cross-covariances between block mean and point values.

3.2 Definition of the Signal Covariance

Function

The aim is to derive an estimate for the contribution of ter-
restrial gravity anomalies to the geoid in the general remove-
restore frame. This implies that the signal covariance func-
tion only represents the residual medium-wavelength signal,
after reduction of (1) long-wavelength global information
(low-pass filtering) as well as (2) short-scale topographic
effects (high-pass filtering).

Our residual (band-pass filtered) signal covariance func-
tion is based on the combination of two degree variance
models:

(1) the model by Tscherning and Rapp (1974) is used to
represent the large to medium scale features of the
gravity field (global contribution); low-pass filtering is
applied to this model explicitly
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(2) the model by Flury (20006), is used to represent medium
to small-scale features; the model describes RTM-
reduced gravity anomalies, i.e., high-pass filtering is
already applied implicitly and no further filtering is
required.

Degree variances ¢; of Flury’s model are given by

6.8- 1077 mGal®

(1 +0.5)30 ° &

ci(Agrtm) =

where [ is the spherical harmonic degree and Aggry are
terrestrial gravity anomalies reduced for the contribution
of short-scale topography (residual terrain model, RTM).
The model was derived from several regional datasets and
therefore is not valid for the global features of the gravity
field, specifically not for spherical harmonic degrees below
| ~ 400. Therefore, degree variances for the lower degrees
are taken from the model of Tscherning and Rapp. The
same combination of degree-variance models is applied and
described in Gerlach and Pettersen (2010).

Finally, the combined degree-variance model needs to be
high-pass filtered, reflecting the reduction of global informa-
tion provided by a satellite-only GPM. The filter coefficients
(spectral weights) were derived in Gerlach and Ophaug
(2017) from an optimal combination of GOCE and terres-
trial information in Norway using the spectral combination
approach of Wenzel (1982). Thereby, error degree variances
oﬁGPM of the GPM are combined with error degree variances

Glzm_ of the terrestrial data, yielding

2

(o}
l,
, GPM , (4)
UI,GPM + a],lcn.

Wl,(err. =
the spectral weights for the terrestrial data. The complemen-
tary weights for the GPM are given by

WI,GPM - 1 - Wl,lern' (5)

The oﬁGPM are based on the error covariance matrix of
GOCO005s (Mayer-Giirr et al. 2015). The crlzm_ are based on
the error covariance function provided by Denker (2013).
This function describes the average error behaviour in
Europe. In Gerlach and Ophaug (2017) this function was
rescaled such, that the combined geoid model minimized
the fit to GNSS-levelling data in Norway. This way, the
error variance of terrestrial gravity data in Norway was
found to be around (2 mGal)>. The present study is
meant to validate whether this error measure reflects the
representation error of terrestrial gravity data in our study
area, see Eq. (1).

The signal covariance functions required for the compu-
tational steps in Eqs. (1) and (2) are based on the combined
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(Tscherning/Rapp and Flury) signal degree variances c¢;
weighted by w,z,lm_. In addition, we consider that reducing the
GPM-contribution in the remove-step introduces the errors
01 gem Of the GPM (weighted by w; gpy) in the low degrees.
Therefore, the final (dimensionless) degree variances are
given by

— 2 2 2
Cl = Wi Clave T Wi ooy 07 gou (6)

and the signal covariance functions by

L
C'N(y) = R* Y ¢ Pi(cos ) (7

=2

L
CY4() = Ry Y (= 1)¢; Pi(cosy) ®)

=2

L
CH(y) =y> Y (I —17c Pcosy).  (9)

=2

If block averaging is applied, Pellinen’s smoothing coeffi-
cients f; (see Sjoberg (1980) and references therein) are
implemented on the right-hand side of Eq.(9) in either
linear or quadratic form, yielding C#¢ or C#%, respec-
tively. The other quantities in Eqs. (7)—(9) are earth radius
R (6,378,137 km), normal gravity y (GM /R?), spherical
distance ¥ and maximum spherical harmonic degree L (here
chosen to be 5,000).

Figure 2 shows the residual signal covariance functions
of geoid heights and gravity anomalies. The expected
variability of the signals accounts for around 40 cm and
18 mGal, respectively. The correlation length of residual
geoid heights and gravity is 0.31° (around 35 km) and 0.23°
(around 25 km), respectively. We note that the standard
deviation of the residual (after removing the contribution
from GOCOO0S5s) geoid model NMA2014 in our study
area is 40.6 cm. This fits very well to the formal signal
standard deviation of 39.5 cm and validates our generalized
procedure. The slightly lower formal value might reflect the
fact that it represents the band-pass filtered signal, while the
larger empirical value represents the low-pass filtered signal.
The discrepancy between both signals is the contribution of
the short-scale topography, which, according to Hirt et al.
(2010), accounts for 1-2 cm RMS.

4 Results and Discussion

The error estimates for block mean values of gravity and
geoid heights are shown in Fig. 3. The top row contains error
estimates for gravity in units of mGal, while the bottom row
shows geoid error estimates in units of meter. Error estimates
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Fig. 2 Residual signal covariance functions for geoid heights (black, left axis) and gravity anomalies (gray, right axis)
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Fig. 4 Formal geoid error
covariances along NW-SE
profiles with origin at an
off-shore station (black line, left
scale) and a station at the coast
(thick gray line, right scale).
Vertical lines indicate correlation
length. Units are in [cm?]

in the left column are based on dataset g1, those in the right
column on dataset g,. The following conclusions can be
drawn from the figures:

— In all cases, restriction of the input data to land gravity
leads to large errors over ocean areas. There the error
reaches up to about 18 mGal in case of gravity anomalies
(top row) and about 37 cm in case of geoid heights
(bottom row).! This maximum error amplitude over ocean
areas corresponds to the standard deviation of the residual
signal (see Fig. 2), reflecting the fact, that residual gravity
on land hardly affects gravity field estimation over the
ocean.

— In general, the geoid signal is dominated by longer, the
gravity signal by shorter wavelengths. This is reflected
in the correlation lengths of CVV (¢ = 0.31°) and C#¢
(¢ = 0.23°), shown in Fig. 2. In consequence, the lack of
information over the ocean does hardly affect block mean
values of gravity on land, even along the coast. This is
different for geoid heights, where boundary effects have
a larger impact on land: in our example they significantly
affect areas to about 50 km inland.

— The errors of block mean gravity anomalies derived from
dataset g; (upper left panel in Fig. 3) are below 4 mGal,
on average 1.7 mGal (on land). This is close to the empir-
ical error estimate for terrestrial data of 2 mGal as derived
in Gerlach and Ophaug (2017). Thereby, the formal error
estimate of 1.7 mGal reflects the representation error,
i.e., the error arising from the fact that a single point
observation is not necessarily a good representative for its
neighborhood. The representation error depends on the
correlation length of the signal covariance function. The

'Note that the colorbar in the bottom row of Fig. 3 (geoid heights) is
restricted to a maximum of 18 cm to increase visibility of the error
distribution on land. In consequence, the maximum errors of 37 cm are
not represented in the figure.
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longer the correlation length, i.e., the smoother the signal,
the smaller is the representation error. The fact that the
formal error is smaller than the empirical estimate may
reflect that the signal covariance function is too smooth,
or that other error sources contribute significantly to the
empirical error. Such error sources could be errors in
GNSS or leveling networks, or errors in the computation
of gravity anomalies, like errors in topographic reductions
or propagation of errors in the coordinates of the gravity
stations (mainly the height component).

On average, densification of the gravity network reduces
the formal error of block mean gravity values from 1.7 to
1.1 mGal.

On average, the error of geoid heights derived from
datasets gy and g is around 2.9 and 2.6 cm, respectively.
This fits well to the empirical error of 2.94 cm derived in
Gerlach and Ophaug (2017). If we restrict the evaluation
to the area not significantly affected by coastal boundary
effects, we find from dataset g; (lower left panel in
Fig. 3) values between 1.1 and 2.9 cm, on average 1.7 cm;
employing dataset g, (lower right panel) reduces the
errors to 0.5-2.1 cm, on average 1.3 cm. In all cases,
the formal error estimates are below the empirical one,
indicating that the signal covariance functions are too
smooth, or that additional error sources are significant.
The geoid errors are neither homogeneous nor isotropic,
showing varying amplitudes and correlation lengths
across the test area, in particular when comparing points
over ocean, at the coast, and inland. Figure 4 shows
error covariance functions for two selected examples with
origin (1) in the NW-corner of the computation grid (black
line, left axis) and (2) at the coast (gray, right axis). In both
cases, covariances are provided from the origin towards
SE. Following the interpretation of stepwise collocation
(Moritz 1980), both functions correspond to the original
signal covariance function CVV, see Fig.2, reduced for
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the contribution of the input data. The off-shore station is
hardly affected by data on land, while signal amplitude
and correlation length are significantly reduced for the
coastal station.

5 Summary and Outlook

We have derived formal error estimates for residual block
mean gravity anomalies and geoid heights from two sets
of input data in a test area along the Norwegian coast. The
formal error estimates prove that the newly acquired data is
capable of reducing the geoid error from around 2 to 1 cm,
in some parts even to 0.5 cm. Error estimates for block-mean
gravity anomalies validate the value of around 2 mGal which
was empirically found in Gerlach and Ophaug (2017).

The formal errors are slightly smaller than the empirical
ones found by comparison with GNSS-leveling in Gerlach
and Ophaug (2017) or Agren et al. (2016). The level of agree-
ment between formal and empirical errors verifies the basic
assumptions on the spectral signal characteristics and shows,
that the largest error contribution is the representation error.
Remaining discrepancies indicate that there are also other
relevant error sources (e.g., computational errors in gravity
reduction, or data errors in GNSS or levelling networks)
or that the basic signal covariance function may be slightly
too smooth. The residual signal covariance function will be
compared to empirical covariance functions of the residual
gravity field in future investigations.

Data gaps over the oceans reduce geoid quality off-shore
and as far as about 50 km inland. Therefore, further studies
will concentrate on the integration of available shipborne and
airborne data, thus reducing the error variance over ocean
areas and along the coast.
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Part VI

Interactions of Geodesy and Mathematics
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Abstract

The paper highlights arguments that, coming from Mathematics, have fostered the advance-
ment of Geodesy, as well as those that, generated by geodetic problems, have contributed
to the enhancement of different branches in Mathematics. Furthermore, not only examples
of success are examined, but also open questions that can constitute stimulating challenges
for geodesists and mathematicians.
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There is no branch of Mathematics, however abstract, which may
not some day be applied to phenomena of the real world.

Nikolai Ivanovich Lobachevsky

1 Introduction

The paper highlights arguments that, coming from Mathe-
matics, have fostered the advancement of Geodesy, as well as
those that, generated by geodetic problems, have contributed
to the enhancement of different branches in Mathematics.
Furthermore, not only examples of success are examined, but
also open questions that can constitute stimulating challenges
for geodesists and mathematicians.

We perform a general overview, without any pretence of
completeness, of areas like geometry of the gravity field
(GF), boundary value problems (BVP) for the Laplace oper-
ator, Runge approximation (RA), probability theory (in par-
ticular, Generalized Random Fields), and statistics (in partic-
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ular integer parameters estimation and rank deficient prob-
lems). In Sects. 6-8 we turn the attention to novel applica-
tions to Geodesy in the context of multiscale approxima-
tion (MA). In fact, multiscale reconstruction and decorrela-
tion methods are a research field originated in geophysics
for, e.g., earthquake modeling some decades ago, in which
today’s Geodesy and Mathematics show mutual influences,
especially on the subject of spectral and space data sam-
pling.

Then we focus the attention on the inverse problems of
Geodesy and their regularization strategies. Two examples
are studied in more detail: Downward continuation of gravi-
tational information to the Earth’s surface via satellite gravi-
tational gradiometry (SGQG) is seen to be adequately realized
in the tensorial frequency framework of non-bandlimited
Tykhonov and bandlimited truncated singular value regu-
larization. The inverse gravimetry (IG) problem is shown
to be appropriately regularized by use of space multiscale
mollifiers, to detect fine particulars of geological relevance.

Finally, the authors want to stress again that the choice
of arguments by no means can cover the whole area; it
rather reflects the background of the authors and has to
be taken as illustrative of a general process of interac-
tion between sciences. In addition, neither extreme depth
to explain all facets of the geodetic observational situa-
tion nor penetrative handling of mathematical obligations
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and technicalities can be expected. The paper is just an
“appetizer” served to enjoy the tasty meal “Mathematical
Geodesy Today” to be shared by geodesists and mathemati-
cians.

This notwithstanding, the reader should be warned that a
complete understanding of all sections of the paper requires
a considerable mathematical background, beyond a general
knowledge of many branches of Geodesy.

2 Interactions of Mathematics
and Geodesy

Seen from the historic point of view, one of the most
important contributions to Mathematics is geometry (from
the Ancient Greek yswuetpia geo- “Earth”, -metron
“measurement”). The earliest recorded beginnings of
geometry can be traced to ancient Mesopotamia and Egypt
in the second millennium BC. Early geometry was a
collection of empirically discovered principles concerning
lengths, angles, areas, and volumes, which were developed
to meet some practical need in surveying and various
crafts.

By the third century BC, geometry was put into an
axiomatic form by Euclid, whose treatment, Euclid’s
Elements, set a standard for many centuries to follow. It
brought the heritage of Mathematics from the antiquity
to our time. Some centuries later, the Greeks themselves
replaced the term “Geometry”, which had meanwhile lost
the original meaning of “Earth’s measuring” by “Geodesy”
as a new meaning of an abstract theory of the “Earth’s
shape”, while geometry now reflected the mathematical
rigor through its axiomatic method. In fact, it is the earliest
example of the format still used in Mathematics today,
that of definition, axiom, theorem, and proof. Although
most of the contents of the “Elements” were already
known, Euclid arranged them into a single, coherent logical
framework.

By the early seventeenth century, geometry had been put
on a solid analytic footing by mathematicians such as R.
Descartes (1596-1650) and P. de Fermat (1607-1665). Since
then, and into modern times, geometry has expanded into
non-Euclidean geometry and manifolds, describing spaces
that lie beyond the normal range of human experience.
Hence, while geometry has evolved significantly throughout
the years, there are some general concepts that are more
or less fundamental. These include the concepts of points,
lines, planes, surfaces, angles, and curves, as well as the
more advanced notions of manifolds and topology or met-
ric.

Historians very often use the term “modern” for the period
starting with the Italian Renaissance. (Geo)scientists prob-
ably call I. Newton (1643—1727) the first modern scientist.
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The emphasis on a systematic study of the laws such as the
Newtonian approach in “Philosophiae Naturalis Principia
Mathematica” may be regarded as the most obvious char-
acteristic of modern times. It also initiated a new branch of
Mathematics, called analysis, which from its very beginning
is so closely related to Physics and Physical Geodesy, for
example in the field of differential equations, that some
people finds it difficult to say, where Mathematics starts and
Physics ends (see Freeden and Schreiner 2018 for a more
detailed study). So, it may be concluded that one great con-
tribution of Mathematics to modern (geo)scientific progress
is the setting of the pattern for the theories describing the
laws of the real world (“reality”).

Apart from the mathematical aspect of the value of a
theory, there is a practical side to which it is even more
important. Once the theory is recognized to be in accordance
with an experience, it renders the experiment unnecessary.
This, of course, is very important where experiments are not
possible. The best example of a field in which one could
not carry out experiments is possibly Astronomy. So it was
not surprising that a new approach to the features of the
“real world” had its striking success when it was possible to
deduce Kepler’s empirical law on the movements of planets
from Newton’s general law of mechanics. The same concep-
tual development also applies to today’s space research, and
nowadays satellite technology is a field in which experiments
are usual practice. One of the best examples to show the
difference in the emphasis between Physics, Mathematics,
and Geoengineering is gravitational theory which played a
major part in the history of sciences from every angle. In fact,
it is well-suited for investigating different trends in thinking
as represented in various fields of geoscience.

Geodetically reflected potential determination was in a
fortunate position, as the Newtonian theory of gravitation
had already developed a mathematical status, which could
be naturally extended so as to give a complete description
of the laws of this field. As a consequence, potential theory
as the scientific collection of ideas, concepts, and structures
involving Laplace’s equation gained new aspects, and it
was challenged with new problems, of which the boundary
value problems probably are the best known. Potential theory
actually guarantees that if certain values of a potential under
specific consideration are given on the boundary of a closed
body, the potential is determined via the boundary value
problem in the interior or in the exterior (when an additional
regularity condition at infinity is supposed to hold true). This
assertion, of course, has been checked in many experiments
also under geodetic auspices, but naturally it cannot be
verified experimentally in the generality in which it can be
stated mathematically. More concretely, at a stage, where
the theory is regarded as satisfactory from the geophysical
point of view, it is a system of fundamental laws, definitions
and problems, of which some, under certain conditions,
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have been solved mathematically. The problems in their full
generality, however, are given to Mathematics as conjectures,
in a sense, to be proved. They become the object of a study
of the well-posedness, i.e., existence, uniqueness, stability
proofs, which therefore aim at establishing the consistency of
the general physical theory. Altogether, the aspects of poten-
tial theory have changed considerably when constituents
could be described by means of Laplace’s equation, just
as scientific tasks arose from the theory of stationary flow,
that indeed uses the same differential equation. It could thus
be observed how new physical applications developed new
aspects of potential theory and the theory of partial differen-
tial equations, primarily originated on geodetic gravitational
developments.

3 Geometry of the Gravity Field

If we think that the beginning of modern geometry could
be identified with the researches of C.F. Gauss (1777-1855)
on curvature of surfaces (Disquisitiones generales circa
superficies curvas) and subsequently with the development
of tensor calculus and related differential forms, there is little
doubt that this history is intermingled with the development
of the concept shape of the Earth (and its cartographic rep-
resentation) which is central in Physical Geodesy and, as we
know, fundamentally related to the form of the equipotential
surfaces of the gravity field.

If Gauss was thinking of Geodesy and mapping as promi-
nent examples of this geometric theories, Geodesy in turn
has been developing its own geometric tools to describe the
gravity field and its observable quantities. Besides matters
concerning the ellipsoidal geometry and related gravity mod-
els (Grossman 1974; Pizzetti 1910; Somigliana 1929), we
could mention the work by Stokes (1867), Bruns (1878),
Helmert (1884), leading to the fundamental definition of
anomalies with respect to the normal gravity field and several
equations, which populate the first chapters of textbooks on
Geodesy (e.g. Heiskanen and Moritz 1967; Sanso and Sideris
2013; Vanic¢ek and Krakiwsky 1986), like the behaviour of
the gravity vector along a plumbline

Vg(P) = (—2gJ + 4nGp —2w*)n + gkn, (1)
(g modulus of gravity at P, J mean curvature of the
equipotential surface, p mass density, w the Earth angular
velocity, k first curvature of the plumbline, n tangent to the
plumbline, n; principal normal of the plumbline) and the
linearized equation, also known as fundamental equation of
Physical Geodesy
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(Ag free-air gravity anomaly, % ellipsoidal height, y modulus
of normal gravity, T anomalous gravity potential).

The work has got a mature formulation in books like
“Mathematical Geodesy” by Hotine (1985), and “Intrinsic
Geodesy” by Marussi (1985).

To quote T. Krarup (see Krarup 2006b, p. 53) “The notion
itself of Mathematical Geodesy goes back to Martin Hotine,
who launched it as the title of a formidable book [Hotine
1985] But the concept was born in 1951 with Marussi’s
beautiful paper Fondamenti di Geodesia Intrinseca”. These
authors clearly highlighted that the main role of Geometric
Geodesy was to find suitable coordinates to represent physi-
cal entities related to the gravity field, possibly observable,
and ultimately to formulate the physical laws that can in
principle uniquely determine the unknown potential W on
the Earth’s surface and in the outer space. Certainly belongs
to this area the work done by T. Krarup (see Krarup 1969)
and his definition of isozenithals to arrive at a rigorous
definition of the so-called Vector Molodensky Problem (see
Sanso and Sideris 2013) in a linearized form.

A similar concept applies too, to the work by F. Sanso on
the gravity space approach to Molodensky’s problem (Sanso
1977).

More modern geometric tools have then been introduced
into Geodesy by authors like Grossman (1974), Zund (2012),
and Grafarend (1986, 1975). Maybe it is worth mention-
ing here the discussion, raised by E.W. Grafarend, on the
holonomity of certain coordinates, specially height coor-
dinates, so important in applied surveying. One possible
solution has been found in a rigorous application of the
definition of coordinates, contrary to the interpretation of the
observation equation of levelling in terms of a differential
form, Sanso and Vanicek (2006).

Summarizing, we believe that the main role of geometric
methods in Geodesy is in trying to find suitable coordinates
to express observation equations as well as physical laws, in
particular supporting the analysis of geodetic boundary value
problems.

In such a process one important feature is the capability of
approximating the exact equations with a linearized version.
This always leaves open the question of the degree of
approximation so obtained and of the limits of validity of the
solutions developed when a priori bounds on the errors are
imposed. Just as examples take two classical questions:

— how large can be a leveling network if we treat leveling
increments as orthometric height differentials

én =~ dH , 3)

before the systematic effects implicit in such an equation
exceed the measurement noise propagated into a compen-
sation practice?
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— how accurate is the fundamental equation of Physical
Geodesy (2) if we use it to estimate local geoid undula-
tions?

Questions like these are often met in geodetic literature
(Seitz and Heck 1993; Sanso and Sideris 2013; VaniCek
and Krakiwsky 1986), but they are often treated by a rough
(sometimes very rough) estimate of the errors, rather than
with a systematic use of simulations and numerical analysis.

So we can formulate the first open question:

0Q1) The aspect of, so to say, numerical geometry is still an

area requiring further investigation by geodesists. In particular, it

would be nice to know, in different geological settings, how large
can be the deflection of the vertical, the curvature of plumblines

and equipotential surfaces on the Earth surface and inside the
topographic masses, by a systematic simulation work.

4 Geodetic Boundary Value Problems
(GBVP)

The history of GBVP’s starts in the middle of nineteenth
century with the miracle of the formulation first and the
solution then of a problem relating gravity anomalies to the
anomalous potential as proposed by Stokes (1867).

The miracle is that, notwithstanding the many approx-
imations implied by moving the gravity values observed
on the Earth surface down to the geoid, approximating the
geoid with a sphere and the direction of the vertical with
the radial direction, one can arrive at something physically
meaningful, i.e., to estimate the geoid undulation with an
error of the order of 1-10m, over 100m of the original
signal.

After one century of chewing forth and back correc-
tions due to topographic masses, more or less complicated
reductions, with the notable contribution by Helmert (1884),
we arrive at the middle of the twentieth century with the
cornerstone work by Molodensky et al. (1960), where the
gravimetric GBVP was recognized as a free-boundary BVP
and an approach to its linearization was attempted.

The exact linearization, in the modern meaning of the
Fréchet differential of a non-linear problem, has arrived with
T. Krarup in his famous letters on Molodensky’s problem
(Krarup 2006a).

The first analysis of the fully non-linear Molodensky
problem has been performed by the great mathematician
(Hormander 1976). Other more advanced results can be
found in the review paper (Sanso 2018). What is important
here is to underline that meanwhile it was understood that
with an excess of carelessness two different problems were
treated in geodetic literature as if they were the same, namely
the vector and the scalar Molodensky problem (Sanso 2018).
In the former the data are the potential W|g, and the gravity
vector g|s, given on the unknown surface of the Earth

W. Freeden and F. Sanso

and the unknowns are S itself (i.e., the three Cartesian
coordinates of its points) as well as the potential W in the
outer space. In the latter data are W|s and g|s, with g the
modulus of the vector g and unknowns are again W, but S
is modelled only as height /& above points on the ellipsoid, of
known (horizontal) coordinates.

Nowadays it is the scalar Molodensky problem that is
recognized as “the” GBVP and its linearized form as the
linearized Molodensky problem.

The conceptual role of these (and other) BVP’s in
Geodesy, is in that we need a clear theoretical frame, defining
a limit to which we want that our approximate estimates of
the gravity field would ultimately tend.

The non-linear and the linear problems need to be ana-
lyzed with different tools, so the regularity results obtained
are different. Basically we obtain existence uniqueness and
stability of the non-linear problem for data belonging to
Holder—Banach spaces, W € H,,,g € Hj ), (see F. Sanso
in Sansd and Rummel 1997 and Sanso 2018), and in this case
the unknown boundary S belongs to H; , too.

It is maybe worth mentioning already here that results
about the linearized Molodensky problem hold under much
less restrictive conditions. Yet the theorem of existence,
uniqueness and stability of the solution of the non-linear
problem guarantees that under the above conditions of
Holder regularity a converging iterative solution of the
non-linear problem could be constructed by a sequence
of solutions of the linearized problem.

As for the linear Molodensky problem, we need to be
more specific. For our purposes the following formulation
is convenient. Assume a suitable approximate surface S to
the Earth’s surface S is given, e.g. the Marussi telluroid (cf.
Sanso and Sideris 2013); S and S uniquely separate the
Euclidean space R? into the inner space B and B and the
outer space R*\(B U §), and R*\(B U §), respectively. As
usual, we let B = B U S,S = 0B. Moreover, we assume
that S = 9B isa star-shaped surface with equation

x =Rs(0)o, o€$S* S’unitsphereinR3.  (4)

—
=lx|

Now we are looking for the anomalous potential 7" in the
outer space R3\ (B U S) of S satisfying the following BVP

AT =0 inR3\(B U S),
B(T) == + 1 0'T = Ag+

L 2j+1 _ )
+ Y Zajkl/fjkzb onS

j=0 k=1
T(x) = o(mgﬂ), x| = 0.

The third equation in (5) says that we assume to know
within the asymptotic development of 7" in terms of spherical
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harmonics, all the harmonic coefficients up to degree L; the
second equation in (5) introduces suitable functions ¥ ;.
exactly to subtract to the free-air anomaly data, Ag|s, the
components of the harmonics up to degree L.

The problem (5) is then transformed into a perturbative
form noticing that the boundary condition can be written as

L 2j+1
rT'+2T + (re - VT —T) = —Rg Ag+ > > ajktj.
Ji=0 k=1

(6)

where Rj; is the function defined in Eq.(4) and we have
denoted with 7" the radial derivative %{ Furthermore,
e=v—e, (v ellipsoidal normal,
e, radial unit vector)
)
n=rya+2
wjk:_rv/jks r:|x|'

Equation (6) is in a perturbative form because, calling
ey = max|e| ~ e?(= 6.7-1073),ny = max|n| ~ 2¢2,
one has

|DT| = |re-VT —nT| <rex|VT|+n4|T|, (D
which is a “small” operator when 7" is assumed (as we do)

to be at least in the Sobolev space H'(S?) on the boundary,
namely, using an unconventional norm definition,

17 Fyy= [LVT)@ ds@) <00 ®

where dS is the surface element. We would like to find a
solution 7 € H'(S?) under the assumption that the data f =
R;s Ag belong to L*(S?) = H(S?), i.e.,

£ o= [ @Fds@) <o O

To specify completely the problem we need to say
what are the functions {;;}. They are defined as
follows: let u be any harmonic function in R*\(B U S),
u € H® moreover, let R be such that the sphere of radius R,
ie., Si, is totally contained in R*\(B U S)

2 N(B| &
SRCR \(BUYS), (10)
then we can define the harmonic coefficients
1
wi= [ wRO) Vu@)ds@.
T Js2
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where {Y;;} constitutes an L?-orthonormal system of spher-

ical harmonics with respect to S?. It is obvious that ujx

define linear functionals of ¥ € H and it is not difficult

to prove that they are bounded linear functionals (Sanso

2018).

So, by the Riesz theorem, there must be {1} such that

(wjk,M)Ho = Ujf. (12)

One can easily prove that {y;} are linearly independent

and, in fact, they form a bi-orthogonal system with the solid
(outer) spherical harmonics

13)

namely

. R\
dsr <¢jk, (Rg) Ylm> =8¢ Okm, (14)
HO

as one can see by combining (11) and (12).

At this point one can proceed with the analysis by a
perturbative approach, namely first neglecting the term DT
in (6), what leaves us with the so-called simple Molodensky
problem, and then showing that, if the perturbation is small
enough, then also the original problem has one and only
one solution in H'(S?). So we are left with the following
Proposition, the proof of which can be found in Sanso (2018).

Proposition 1 Let S be star-shaped with R be a Lipschitz
function given by (4), and f = RgAg € H(S?), then there
is one and only one solution of (5) if the maximum inclination
ofS with respect to e, [ (cos I = e, - n, with n normal to
S), satisfies the inequality

3.0662(0.0044 + ,,*, 1)

1 <arccos
—0.0068 + \/0.00682 + 3.0662(0.0044 + ZLAf,_S)

5)

In (15) we have used the estimates

g4+ ~0.0067, ny =0.0136,
and
max R
. ~ 1.0043 .
min R

The result seems to be acceptable, if we consider that
already fixing L = 24, (15) says that the maximum incli-
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nation /4 should not be larger than ~60°. As a matter of
fact, we know quite well the harmonic coefficients of 7" up to
degree 24 and so the answer given by the above proposition
is at least realistic. Yet it is not satisfactory on a theoretical
ground. In fact, it is the L?-theory developed that forces us to
put the constraint (15) on the maximum inclination /4. On
the other hand it would be much nicer if we could develop an
L?-theory in such a way that a constraint of the form

! ! dS(o) = 0(1)

4 Jg (cos I (o))« (16)

could represent for some o > 1 a sufficient condition for
existence and uniqueness of the solution. In fact, we know
that cos I can become small in rugged parts of S, which
however cover a small area of the globe.

So the following open question becomes natural:

0Q2) Is it possible to develop an L? quantitative theory of the

linearized Molodensky problem in such a way that existence

and uniqueness of the solution would depend on a sufficient
condition of the form (16), for some exponent o > 1?

Another interesting remark is as follows. In the very
successful estimation of global gravity models, in the form
of a truncated series of spherical harmonics, (see Pavlis
2103), complete up to a high degree (at present 2159, but
probably up to a higher degree in next future), an original
method has been devised which has been called the change
of boundary method and formalized in Sansd and Sideris
(2013).

In short, the method consists in pullbacking the data from
the present boundary to an internal surface, e.g. a (Runge)
Bjerhammar sphere or the Earth’s ellipsoid; solving the BVP
for such a surface and computing the residuals (errors) at the
level of the current surface; pullbacking the residual to the
internal surface and so forth, iteratively.

The method is not standard in Mathematics and so it
requires some analysis as for the question of its convergence.
A perturbative argument has been recently presented in
Sanso and Sideris (2017), yet the question in its general form
is still open:

0Q3) Is the change of boundary method convergent, at least for
models of finite maximum degree?

In the geodetic approach to boundary value problems,
as in other scientific fields, the purely mathematical aspect
is met by the geodesist’s need for sufficiently handling a
great number of applications, which are generally more
complicated than the typical cases in which the physicists
verified this theory. It is, for instance, certainly not enough
for geodetic boundary value problems to be able to calcu-
late the “geopotential” for spheres and ellipsoids, but more
complicated bodies (e.g., the geoid, telluroid, and/or the real
Earth provided by GNSS-technology) must be taken into
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account. The boundary value problem, which provides a
mathematical apparatus of these questions, therefore, is not
only a purely mathematical subtlety, but also a problem of
great practical importance.

As an example, in the theory of harmonic functions
related to “potato-like” surfaces (such as S or S ), a result
first motivated by Runge (1885) in complex analysis and
later generalized, e.g., by Walsh (1929), Vekua (1953), and
Hormander (1976) to potential theory in three-dimensional
Euclidean space R? is of basic interest for geodetically rele-
vant questions see, e.g., Bjerhammar (1962), Krarup (1969),
Moritz (1977, 1989, 2015), Sanso (1982), Grafarend (2015),
and the references therein. In fact, the “Runge approach”
as proposed in Freeden (1980), Freeden and Mayer (2006)
may be used to solve the linear Molodensky problem in the
following way:

Let { H,} be a system of harmonic functions in the outer
space of S% with L?-completeness property of { H, |S§e }ona
Bjerhammar (Runge) sphere S%e (i.e., the outer space of S%e
totally contains R\ (B U S) and dist(S%, S) > 0). As exam-
ples, conventional solid (outer) spherical harmonics, outer
ellipsoidal harmonics, certain buried mass point systems,
harmonic spline and spline-wavelet systems may be chosen
(for more details see, e.g., Freeden and Gerhards 2013). By
orthonormalizing { BH,} on the boundary surface § = 9B
we obtain a new system {H,"} of harmonic functions in the
outer space of Si with {BH "} complete and orthonormal on

the boundary surface S =0B.Asa consequence, we get

Jim | Z (BH ) sy BHS =Dl =0 (17
and
ngnoo || Z BH* LZ(S)H T”C(O)([') - O (18)

forevery I' C R*\(BUS) with positive distance of 91" from
S. In other words, L -convergence to the boundary values
on the boundary values on the boundary S implies uniform
convergence to the solution, in particular on compact subdo-
mains of the outer space R*\ (B U 3).

It is remarkable that the Runge approach allows the
calculation of gravitational quantities such as the disturb-
ing potential 7" with respect to arbitrary telluroids, just by
suitably operating with spherically based equipment such
as multipoles (i.e., solid (outer) spherical harmonics). We
are able to avoid, e.g., ellipsoidal outer harmonics, which
are much more difficult to handle numerically. The price
to be paid are multivariate definite integration procedures
over surfaces S (cf. Freeden and Gutting 2017) and an
orthonormalization process, for which, however, powerful



Geodesy and Mathematics: Interactions, Acquisitions, and Open Problems

rules are available today (see, e.g., Freeden and Gutting 2017
and the references therein). Nonetheless, the following open
questions arise naturally:
0Q4) Is it possible to get a better numerical efficiency by
combining appropriate trial systems, for example, to use outer
spherical harmonics for a trend solution and to continue with
mass points, harmonic splines, harmonic spline-wavelets for the

modeling of more detailed signatures? What is the right upper
limit NV to stop the whole solution process?

Many other items in the geodetic BVP theory would merit
attention, yet it is time to pass to another argument.

5 Probability Theory and Statistics

This is a very large branch of Mathematics, with an origin
again historically related to Geodesy. May it be sufficient to
mention the Gaussian distribution and its relation to the error
theory and the subsequent development of the least squares
method. Nor, we could refrain, in this context to mention the
name of Markov regarding the problem of optimal estimation
and all the large geodetic literature that has followed its trail,
from the germinal paper by H. Moritz on “least squares”
(Moritz 1972), to the comprehensive book of Grafarend and
Awange (2012) on linear and non-linear models.

Given the widespread of this matter, we will concentrate
on three arguments only, leading to interesting open ques-
tions. The three items are:

(a) generalized random fields and BVP'’s,
(b) collocation theory and non-isotropic random fields,
(c) integer estimation theory.

(a) Generalized Random Fields and BVP’s We have
uniquely identified the gravity field, exterior to the Earth’s
surface S, by means of observations performed on it, e.g.
gravity and potential observations. This has led us to the
formulation of BVP’s, where boundary data are derived
from measurements and therefore they must be considered
as samples from a random field (RF). When the errors are
small, we can work in the regime of the linearized theory
and in general we have to solve a problem of the form

Bu=v onS§ (19)
for instance with v € L?(S) and u € H'(S) (« harmonic in
the outer space of S) as for the linear Molodensky problem
treated in Sect. 4. Notice that we skip the part of boundary
equation depending on the unknown constants {a;; } because
they are finite in number and clearly inessential to the present
reasoning.

Now the point is that if instead of v we have an “observed”
RF

vVo=v+V (20)
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with v a field of random disturbances, the problem (19) has
to be substituted by

Bi=vy=v+v 21
and its solution, whatever it is, will be a random estimator of
u.

When v is a sufficiently smooth RF, so that its samples
belong to H® almost surely, then we know what it means
to solve (21). In fact, if we call M the Molodensky solver,
namely

M =B"'; H'(S) — H'(S) (22)

we can simply put
U=Mvo=Mv+Mv=u+se (23)

and all that has a clear meaning.
In particular, we can sample w from an abstract probabil-
ity space (§2, .4, P) and build the chain

0o —
sample

v(w)

sample noise

- U=u+ Mv(w)
sample solution

and from the statement v(w) € H(S) with probability 1,
we deduce that w € H'(S) with probability 1, namely it is a
sample from a RF with realization in H'(S).

All that is elementary, yet the reasoning is not able to
cover maybe the most important case of noise, namely the
Wiener white noise (WWN). In other words, how can we
define a solution of (8) when v is a WWN, which is well-
known to have sample fields that do not belong to H°(S)?

A natural idea, when we have to deal with an equation
with a very irregular known term, is to put it in a weak form,
so that the irregularity can be let off in the coupling with a
smooth test function.

These are basically the ideas that led to the definition
in particular of the Wiener integral (Lamperti 1977), and
more generally to the concept of generalized random field;
on this argument our reference is the work of Rozanov
(1998), a great mathematician of Kolmogorov’s school that
has contributed to geodetic literature, too (based on these
concepts, the field of stochastic differential equations has
also seen tremendous progress in Mathematics during the
last years, see, e.g., Grothaus and Raskop 2018 as a point
of entry).

Definition 1 Let X be Hilbert space with elements {x} and
norm || x ||x; let P = (£2,A, P) be a probability space
and £2(£2) the Hilbert space of random variables { f (w)},
defined on P with norm

| f 12agy= ECf @) (24)
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a generalized random field F on X is a bounded linear
operator from X into £2(£2)

F(w:x) = f(w) (25)

| F(w:x) lz2@)=Il f(@) l2@=cllxlx: (26)
to sightly simplify matters, we will assume that each of the
random variables { F (w; x)} has zero mean.

From Definition 1 the following proposition can be easily
derived.

Proposition 2 There is a bounded, positive, selfadjoint
operator C : X — X, such that

| F(@:x) 2= E{F(0:x)*} = (x.Cx)x: (27)

We shall always assume that C is strictly positive so that the
statement that F is into £2(£2) in the above Definition is
justified; in fact, in this case from F(w, x) = 0, we deduce
that x = 0.

Remark 1 The GRF, F, in general cannot be onto EZ(.Q);

rather we can have that the set

L3 ={F(w;x), x € X} (28)

is a closed subspace of EZ(.Q) if C > ¢yl > 0, if suitable
conditions are satisfied.
Example 1 A WWN on S is a GRF, N (x), on L*(S) with

covariance operator

C =01 ; (29)

namely N (x) is a WWN if

BN} =07 [ 3 = 0® [ ¥ ds@) . G0
tes

with ¢ some coordinate system on S for the purpose of
integration.

Notation 1 Although in general there is no element F (w) €
X, that can represent (25) as a scalar product with x, yet by
analogy with integral kernels, we write

F(w;x) = (F(w),x)x ; (31
we stress that (31) is just a symbol and does not mean that
F(w) € X.

For instance, in case of a WWN on S, we write

N(w:x) = (N(w),x)25) = /es N(w;t) x(t)dS(t).

(32)
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The first integral in (32) is precisely a Wiener integral, what
does not imply that N (w;-) € L*(S).

Remark 2 Let us notice that, as proved by the example of
WWN, the GRF, F(w; x), in general has not realizations in
X, in which case (31) could be written in the ordinary sense,
sample by sample. Nevertheless, such a circumstance is not
impossible. One can prove for instance that, if
TrC <oo (33)
then the realizations of F(w,t) are in X with P = 1, so that
(31) becomes almost surely a veritable scalar product, and
we can write
F(w;x) = (F(w,t),x(t))x . 34)
In other words, (31) is a real generalization to GRF’s of (34),
which holds for ordinary RF’s with realizations in X .

We follow the same scheme of the above remark, to
generalize the notion of the application of an operator 4 :
X > Y toaGRFon X.

So let A be a given continuous linear operator, X — Y,
which is into and onto, so that there is a continuous linear
operator A™! : ¥ — X (see Yosida 1980). This implies that
the equation

y=Ax,y €Y (35)
has one and only one solution x € X,
x=A"'y , xeX. (36)

Now assume that a GRE, U, is given on X, which is
also an ordinary RF with realizations in X; this means that
| u(w) |I% is bounded a.s., and we further assume that its
average is bounded too, which is equivalent to assume that,
for U, (33) holds. Then we can define w by w

V(w)=AU(w), V €Y as. 37)
Notice that we can subsequently write forall y € Y

(V(@),y)y = (AU (), y)y = (U(0), A" y)x: (38)

since A7 is a bounded operator Y — X, we see that in fact
(37) generates a GRF, V', on Y because

E{(V(0).y)}} = E{(U(w). AT y)}} < (39)
E{JU@) I3 ATy I3<cly |y -

IA
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Therefore, with such smoother RF’s, we can rewrite (37) in
the form

V(w:y) = (V(@),y)y = (U). ATy)x = U(w: A"y) .
(40)

We use (40) to define the application of the operator A to
aGRE V.

Definition 2 We say that, given U, a GRF on X, the GRF
on Y, AU is defined by

V=AU & V(w;y) = U(w; AT y) (41)

forally e Y.

This allows to prove a Lemma of general equivalence
between deterministic linear equations and corresponding
stochastic linear equations, in the framework of GRF’s the-
ory.

Lemma 1 (The General Equivalence Lemma) Let a lin-
ear deterministic equation be established in the form (35)
with the operator A sending X into and onto Y ; then, given
any GRE V on Y, we can find one and only one GRF, U on
X, such that

V =AU ; (42)
in fact, U(w; x) is given explicitly by
Uw;x) = V(w; (A1) 7'x) . (43)

Proof The proof is elementary and amounts to verifying that
(43) is equivalent to (41). O

At this point we have available a general rule that gives a
meaning for instance to the solution of stochastic BVP’s even
when boundary data contain a WWN. This approach, thanks
to its generality supersedes previous ad hoc analyses like in
Rozanov and Sanso (1997), and Sanso and Rozanov (2003).

So, we could say that in this branch Geodesy and Mathe-
matics have been working hand in hand, with good results.
But this is just the beginning of the story, because our
problems are mostly non-linear and, even more, our GBVP
is a free BVP. Therefore, a hard difficult theoretical open
question is now in front of us.

0Q5) Is it possible to define a stochastic BVP with random
boundary? How can we find solutions?

Just to show that such a question is difficult, but not
impossible, we build a very elementary example.
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Example 2 'We assume that the family of possible bound-
aries is just that of spheres S%e» with R a random variable,
distributed on the positive axis. Furthermore, we consider a
family of purely radial potentials, namely

with M again a positive RV, independent of R. The “geode-
tic” BVP in this case would be: Given W = Alg and g = 11:[2
(obviously two RV’s), to find R and the potential u agreeing
with W on S%e- In such an elementary context the solution is
just algebraic, namely

R = ,
4
W2
M = ,
g
w2 1
u = .
g r

Notice that, due to the overwhelming simplicity of the
example, one characteristic of the solution is lost. Namely,
the third of the above relations should be more correctly
written in a conditional form, as

w2 1
u|r2R = ;

g r
in fact the u so found has to be harmonic only outside the
random S%. In this particular case r — i is in any way
harmonic down to the origin and so the above statement
has little relevance, nevertheless in a realistic case where the
surface S is not a sphere, and u cannot be continued to the
origin, the RF u should be harmonic conditional on S. In
other words, in general there is not a unique linear space to

which u has to belong.

(b) Collocation Theory and Non-isotropic RF’s Colloca-
tion theory is certainly a notable contribution of Geodesy
to mathematical approximation theory, in the framework of
harmonic fields. This theory has been developed from the
Sixties of the last century, stretching from two different
approaches: one stochastic, by Moritz (1989), the other deter-
ministic, by Krarup (1969). In some way the two approaches
reflect respectively the approach of Kolmogorov (stochastic)
and that of N. Wiener (deterministic) to the problem of
filtering and prediction of stochastic processes, with the due
differences because in collocation theory we treat fields and
not functions of time, and in addition our fields have to
possess the harmonic property in the set where measurements
can be performed and predictions are required.
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This is the reason why in Geodesy we often speak of the
Wiener—Kolmogorov theory. The two approaches have been
proved to be equivalent on a rigorous mathematical ground
(see Sanso 1986). The basic hypothesis is that the anomalous
potential 7" is a GRF on a Hilbert space, H (O), of functions
harmonic in the outer domain O; T is assumed to have zero
mean, E{T} = 0. This means that, for all # € H, which
we can view as a linear functional on H itself by the Riesz
representation formula

L(k) = (h.k)u (44)
we can as well define a RV € £?(£2) by (recall the discussion
on notation and Eq. (31))

L(T) =(T.hyy = T(h) € L2(R2) , 45)
and a covariance operator C such that
E{L(T)*} = E{T(h)*} =<h,Ch >y . (46)

The problem we have to solve is then as follows: Given
a certain number of input data with (linear) observation
equations

V=LT)=T0h) =(T.h)n (47)
(L={Li}, h={hi},i=1,...,N,
observation functionals)
we want to predict another functional
U= Lo(T) =T(ho) =(T ho)u . (48)

The RV are all in £?(£2) and their covariance—
crosscovariance structure is given by

Cuyu = (ho, Cho)n
Cuy = (ho,Ch")yy, Cyy = (h,Ch")y .

(49)

The optimal linear predictor of U given V is just the
L2(£2) orthogonal projection of U onto the linear space
spanned by the vector V, i.e. {/\TV ;A € RN}, This is well-
known from the theory of ordinary linear regression and it is
given by

U= CyyCypV (50)
with a prediction error £2
E* = Cyy — CuvCyyCyy . (51

W. Freeden and F. Sanso

Now assume that H(O) has a reproducing kernel K,
namely that for all 1 € H(O)
this certainly happens with Hilbert spaces of harmonic func-
tions for all # € O. Yet, if the traces on S of functions in
H (O) are regular enough, (52) has to hold for all € S.

Let us recall that by definition a reproducing kernel K (¢, ) €
H(O), forall t € O, and it is bounded, namely

|K(t,) = [(K(t,), KGN u > < K@) I3 - | K@) Iy

= K(,0) K(i',1") < d®. (53)
In this case T (w; h) has pointwise “values”, namely
T(w; K(t,7) = T(w:t) € L2(R2) (54)

because

” T(U), K(tv ‘)) ”22: (K(ts ') s CK(ts ')>H2(0) (55)
<c (K(.), K@,")) =cK(,1);
given (54) any sample from T (w;t) is almost surely finite,
and so we could say that T is an ordinary RF. When this
happens, we can compute a very important function which is
called the covariance function of the RF, T ; namely
C(t.t") = E{T(0:)T (w: 1)}
= E{T(0; K(t,-))T (w; K(*',)}
= (K(Zv ')v CK(Z/v ))H .

(56)

It is clear that C (¢, ¢) uniquely identifies the operator C.
In particular, with the help of the covariance function we
can conveniently rewrite (50), adopting Krarup’s notation;
namely for any two functionals L;, Ly we write

(L) A(Li)r C (1.1} = EXT (h) T (hi)} (57
= E{Li(T)Li(T)} = C(Li. Li) .

Then we have

N
U=Lo(T)=Y_ C(Lo. LO{C(Li L)} "V Li(T) : (58)
ik=1

similarly we can rewrite (51) as
N

£ = C(Lo. Lo)— Y, C(Lo, L){C(Li, L)}V C (L, Lo)
ik=1
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The above formulas are suitably modified when we have
observational models containing a measurement noise (see
Sanso and Sideris 2013), which is analogous to smoothing
methods in spline theory (see. e.g., Freeden 1981).

Up to here the linear prediction problem seems to be
solved by a computational algorithm; yet a crucial point
is that we assumed to know C, namely the covariance
function C (¢, t"). We know that C (¢, t') has to satisfy certain
properties: namely it has to be continuous, symmetric and
positive definite, i.e. all matrices of the kind {C (L;, Ly)}
have to be positive definite for all choices of (admissible)
functionals {L;, i = 1... N} and forall N.

Furthermore, as one can see from the definition (56),
C(¢,t") has to be harmonic in ¢,#’ € £2. But the specific
shape of C depends on 7', of which we have at most one
realization, in fact even less, only a certain finite number of
observations. We are here in front of the same dilemma that
in signal analysis for stochastic processes has been solved by
the so-called hypothesis of stationarity of the signal. This is
basically the assumption that the signal is self-similar under
the group of translations of the time axis. The analogous
assumption used in Geodesy is that T has to be self-similar
under the group of rotations; namely the stochastic parameter
o in this case is just constituted by proper rotations of R* and
the probability model is a uniform distribution on the rotation
group (see Moritz 1989 and Sanso 1986).

This forces the harmonicity domain to be the exterior of
a sphere, because the domain has to be invariant too under
rotations. Furthermore, it is not difficult to see that C(¢,1")
has to assume a peculiar form, namely

C@t,t'y=CWWy,re, 1) (59)
where r,, r,s are the distances of ¢, ¢’ from the origin and v, ,/
is the spherical angle between the directions of ¢, #’. All such
hypotheses can be summarized by saying that we assume 7'
to be an isotropic RE.

When we have enough data reduced to the same sphere,
we have practical formulas to estimate discrete values of
what is called the empirical covariance function, which is
then interpolated by a suitable model taken from a family
of positive definite functions (Tscherning and Rapp 1974;
Tscherning 2013).

The fit of this interpolation is usually not very tight,
nevertheless we have a theorem showing that there is a
low sensitivity of the collocation solution (58) to estimation
errors in the covariance, so the method works and has a
wide range of applications, for instance in estimating geoid
undulations from gravity anomalies (see Tscherning 2013).
Nevertheless, the actual anomalous gravity field of the Earth
is not isotropic. There are areas like the Himalaya, the Andes,
the Alps or oceanic subduction zones that have a heavy gravi-
tational signature, drastically different from surroundings, so
that the idea of a statistical similarity moving them randomly
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on the sphere does not carry at all. Therefore the above theory
is usually applied only on reduced parts of the sphere and by
first applying a number of reductions to the data, for instance
subtracting the influence of topographic masses (see Sanso
and Sideris 2013).

Nevertheless, take the case of two neighbouring areas
of size 10° x 10°, such that for each of them a reasonable
isotropic covariance function can be estimated, so that the
above collocation formulas give good results, but the two
covariances are different from one another. At this point, the
prediction of the field along the border will display an ugly
signature.

Even more, if we have many areas close one to the
other, for which individual covariances are worked out, the
prediction of the field will have a very patchy pattern which
is clearly an artifact of the algorithm rather than a physical
property.

So the question arises as to whether it is possible to
create a unique covariance model, keeping the fundamental
positive definiteness property, that however is changing form
area to area. In particular, the amplitude and the width
(correlation length) of the covariance function are slowly but
continuously changing, and the problem arises on how to
perform the interpolation for such models.

Some work has been done for general RF in R' and R?
(see Migliaccio et al. 1998; Darbeheshti and Featherstone
2009), but disregarding completely the harmonicity property.

This is an interesting open question, concerning non-
isotropic harmonic RF’s.

0Q6) Is it possible to find a non-isotropic covariance model with

slowly varying amplitude and correlation length, still keeping the

harmonicity of the covariance? Is it possible that maybe the case

of multiresolution functions (spherical wavelets, as presented in
Freeden et al. 2018a) could solve this problem?

(c) Least Squares with Integer Parameters Statistics is
a scientific area where Mathematics and Geodesy have got
a parallel and entangled development, with Geodesy from
times to times surpassing Mathematics. Indeed this is not
surprising, given that Geodesy is a science so heavily based
on measurements.

This statement certainly applies to least squares theory,
in particular regarding the rank deficiency problem, with the
implied concept of generalized inverse of matrices, proposed
by Bjerhammar (1973) (on the basis of the work by Moore
1935 and Penrose 1955), leading to an impressive mathemat-
ical monograph by Nashed (1976). Something similar could
be maintained for the introduction of statistical inference in
Geodesy, by the work of Baarda (1967).

Similarly one has to mention the research on rank defi-
cient estimation problems which has formally engaged statis-
ticians (Rao 1965), but is central to Geodesy where we want
to estimate point coordinates and on the same time define
a reference system (Grafarend and Awange 2012; Dermanis
and Sanso 2018).
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One particular field that Geodesy shares with e.m. signals
transmission theory is the problem of estimating integer
parameters that has become very important after the advent
of GNSS tools for point positioning. In reality the problem
was present much before in Geodesy in the application of
e.m. equipments to measure 3D distances. Although that
problem was solved by a satisfactory approach to the treat-
ment of phase observations, yet the underlying idea has
been inherited in the era of GNSS for the combination of
code and phase observations, in a way that has generated a
certain confusion that only in recent years is getting a clear
theoretical setting.

We start with an example that can be used to show what is
the effect of “fixing” an integer parameter on an estimation
problem; the example can then be adapted to two different
cases: that we are measuring a distance by a distance meter
working with two wavelengths, or that we are measuring a
pseudorange by a GNSS receiver, with one code and one
phase observation.

Example 3 The mathematical model we have in mind is
done of two observation equations

Yi=x +e1,

{Y2=X—NA+82 (60)

by hypothesis we assume € = [e;&;]7 to be a Gaussian
random variate, the error part, with zero mean and covariance

of 0

Ce= 0 o}

(61)

The model (60) seems to be linear in the couple (x, N)
and in fact it is, if you assume (x, N) € R2; nevertheless,
if you restrict the domain of parameters to R x Z (Z the set
of integers) the problem of estimating (x, V) is not anymore
linear and it requires some stricter analysis. In fact, if one
thinks of using a Maximum Likelihood (ML) criterion, due
to the hypothesis of normality of e, the problem is translated
into a least squares form, namely

=, K’) =argmin Q(x,N ; Y1, Y>),
Q. N 3 ¥y, ¥y = 0 g i (02)
9] 02

If you consider for one moment the same problem as (62)

on IR?, you know that the solution is given by
xg =11,
% No= (- 1) ©3)

the so-called floating solution.

W. Freeden and F. Sanso

The covariance of this solution is given by

o2 of
Cn = 01% 1 (2 2 (64)
A p2(0f +03)

If we put

& =xg—x,

U=Nﬁ—N

and substitute in (62), we find after some boring but elemen-
tary algebra, that (62) can be rewritten as

O, N; Y1.Y2) =0 Na; Y1,Y2) + O, v Y1, 1))
(65)

with

QE.v:Y.Y) =[§ V]Cﬂ_l[ﬂ : (66)

In our example
O(xa, Np; ¥1,Y2) =0

because (xg, Np) satisfy exactly (60), which is not the gen-
eral case when we start from an overdetermined problem.
Moreover, (65) is verified by no means by chance, but it is
just a consequence of a well-known theorem of orthogonal
decomposition of the residuals in least squares theory (Koch
1988). So our problem now becomes to find

min
£€R VEN+Z

Q¢.v;: 1.Y2). (67)

This can be achieved in two steps: First we find the value §,,
which solves the minimum problem

i ; 11, 1),
IgélﬂgQ(E’V 1, Y2)

then we substitute £, in Q and we look for the minimum of
this new function of v. It results

A, (Ng—N)

Vs Y, ) = = 68

Now it is clear that the ML estimator, i.e. the minimizer
of Q, is just the integer closest to Ny, we could call it the
round-off of Ng, namely

Nyr = N, = [Nyg] . (69)



Geodesy and Mathematics: Interactions, Acquisitions, and Open Problems 231
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Fig. 1 The plot of the function N,(Ny; — N); note that N,(Ny) =
N,(Ng—N)+ N

To understand the result it is important to notice that Ny
is a real Gaussian variate with mean N and variance o%,ﬂ,
i.e. Ng = N + o04Z with Z a standard normal; hence N, is
a discrete variable, the distribution of which can be easily
derived considering that N,(Npy) is the staircase function
represented in Fig. |

In fact,if N —0.5 < Nq < N + 0.5 wehave N, = N,
if N+05<Nyg<N +1.5 wehave N, = N + 1, and so
forth.

Accordingly, we have

0.5
P{N,:N}:P%|Z|< }:PO,
of

0.5 1.5
PINN=N+1}=P <Z< =P.
of of

As we see, the distribution of N, is symmetric around N,
i.e. N is its mean and the variance will be written as

+o00
ox, =2 K’Pe=2(1-P +4-Pr+..)
k=1

(70)

To conclude the example it is necessary to compute the
estimator xs;, as well; this is more easily done by going
back to (60), estimate X(/N) for every N and then substitute
N with N,. The result is

03Y1 + 0 (Y2 + N, A)

, 71
ol + o3 1

XML =

namely the weighted average of Y} and Y, + N, A. It is
easy to see that E{xy;} = x so that x;; is an unbiased
estimator of x; however, to compute the variance of x is a
more difficult exercise due to the non-linearity of the function
N, (Np) = N,(Y1,Y>), specially when Py is close to 1 but not
so close as to decide that one can put Py, = P, = ... =0,
i.e. ultimately oy, = 0 (see (70)).

If we take this last choice we have the so-called “fixed”
solution N5, where N now becomes just a constant so that

0(Yy 4+ NexA) =o0(Ya) =0 . (72)

Before we apply the above reasoning to different
numerical and physical situations we notice that, when
0, K 01, as we shall assume, (71) simplifies to

XpyrL ~ Y, + N A . (73)

Now we apply what we have learnt to two different
contexts: distance meters, GNSS positioning.

Distance Meters Assume that by combining different wave-
lengths we can produce a first wave with wavelength longer
than 1km and a second one with wavelength A = 10m.
Then, if we know a priori that x < 1 km, the first equation
of (60) can represent (with a very simplified model) the
observation of the distance with

o; =10cm,

while the second of (60) can represent the observation of the
distance, with a hypothesized standard deviation

0, = 1 mm.

In this case (64) tells that

Z(N)_ 1(2+ 2),\,0-12_10—4
o ﬁ_AZOl 0, :Az— y

i.e.,0(Ng) = 1072 and

0.5
Py ={lZ| <

oy} = PUIZ1 <505

By exploiting the approximation
L? 1 _z2
P(Z>L)<e 2P(Z>0)= 26_2 (74)
one immediately sees that
2PL 4+ P, +..) <e 1P < 107342
namely such a small number that justifies the assumption

Py=1, o(NﬁxA)go.

The statement holds too with a more precise justification
from (70). In this case the use of N, = Ng, and the
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conclusion

o(xyr) = oY, + NgxAd) = 1 mm
is quite reasonable.

However, if one repeats the same reasoning with the same
o1 and o as above, but A = 1 m, one finds oy, = 107! and

0.5
P{|Z| > " V=P{Z>5 <e 25 =4.107°.
fl

With the help of (70) and P; ~ 4 - 107 one finds
o(NgA) ~ 2 mm

so that the simple relation o (xy) ~ 02 cannot carry any
more.

GNSS Positioning Again with a lot of simplification, one can
take the first of (60) as a code observation, with for instance

o, =15cm,
and the second as a phase observation, with
0, =1 mm;
moreover, for an L career, A =~ 20 cm. In this case
01
o(Np) = ~0.75
(N =)

and one can more precisely compute

Py =0.4972,
P, =0.2286,
P, = 0.0200,
P; =0.0013;

the remaining probabilities can be safely put to zero. In this
case one reckons

o(N,A) ~ 18 cm

showing that the term N, A is giving by far the largest
contribution to o (xsz.).

Even if we assume to have a very precise code, like the
nowadays available L2C code, with an sqm of say o; ~
33 mm, by repeating the above computation one gets

o(N,A) ~ 93 mm,

showing that one cannot take N, as constant and ignore the
term N, A in the variance propagation.

W. Freeden and F. Sanso

The lesson we learn from this extremely simplistic exam-
ple, is that specially in GNSS positioning, the assumption
that the estimated integer N can be considered as constant
is very dangerous and misleading, as for the accuracy of the
estimate x sy . Ultimately this is the effect of the choice of
using a test (yes or no) to fix N; this leads, depending on the
significance parameter «, to a correct conclusion many times,
as for the estimate of the coordinates, but to a large error in
them in a few cases.

The analysis of a more realistic, yet simplified, model for
GNSS positioning can be written in the form of observation
equations as

Y = Ax + BN + ¢, (75)
with x € R” a vector of coordinates and other parameters
and N € Z" a vector of integers. This case runs exactly
along the same lines as in the example. We first compute a
floating solution (xg, Ng) by minimizing the quadratic form

Q(x,N:Y)= (Y —Ax —BN)'X"'(Y — Ax — BN)

(76)

considering N just a continuous vector in R"Y. Then the
floating estimates (xg, NVg) will have a covariance matrix,
Cy, given by

[ATWA ATWB
Cyp =

-1
_ -1
BTWABTWB} W= 0D

By using the formula for the partitioned inverse of a
matrix, we know then that

Cn, = [B"WB — BTWA(AT™WA) ' ATWB™ = ™!
or

Cy! =B"WB—B"WAMA"WA)'ATWB =T,

(78)
which is a known, easily computable matrix.
If we return now to the minimum problem
min Q(x,N;Y) (79)
x€R”

NezN
we see that first of all we can use the decomposition

{Q(LN;Y) =Q0@(xn N;Y)+ Q(xp—x,Ng —N),

Qxn =N = N) = [Gea =2 Vo =071 | 1 |

(80)
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Fig. 2 A plot of the search space
for N in 2D; + Ny point, e @ ®
points falling in the ellipsoid (see
(87)), grid points falling in the
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rectangular envelope of the
ellipsoid, a sphere with the same
volume of the ellipsoid and its
reduced search space

£

reducing the minimization of (78) to that of Q. Then by
minimizing Q with respect to x, given N, we find the
“conditional” solution

xy =xq+ (ATWA)TTATWB(Ny — N) . (81)

With the use of (81) and some algebra, we achieve the further
decomposition
Q(xa—xNa—N) = (xy —x) (AT WA (xy —x) +
+(ng = N)' I'(ng = N)
= (xy =0 AT WA (xy —x) + Q(N).
(82)

But then the minimum of Q onx € R” and N € Z" can
be obtained in two separate steps; first we find

Ny =arg min (Ng—N)'T(Nqg—N),  (83)
NezZN
then we can simply put
XML = XNy » (84)

because this annihilates the first term in the right hand side
of (82).

So essentially we are left with the problem of finding in
the lattice ZV the point N 7 nearest to the point Ng in the
metric induced by (83).

Let us imagine for a moment that we are so lucky that the
matrix I" results to be diagonal. In this case the quadratic
form in (83) is decomposed as

N
(No=N)'T(Ng=N) =) yi(Nui = Ni)*  (85)

i=l1

and the minimum is immediately found by rounding, namely
(recalling (69))
Nyr, = [Nui] . (86)

This however is not what is found in practice, specially
when we process GNSS data for a short time. Typically, what
happens is that the ellipsoid

(Na=N)'T'(Ny—N) =c. (87)
with ¢ chosen by using a y? distribution, in a way that it
bears a probability close to 1, has in fact quite an elongated
form. An example is displayed in Fig.2 when N has only
two components

If we just consider this example we immediately perceive
that the points at which the form (83) needs to be computed
are only 7, while if we search on the whole rectangle we have
to compute (83) 48 times.

It is clear that, when the dimension of the vector N
increases, the number of computations bursts exponentially.
For instance, if one has to probe a cube of side 5 in 12 dimen-
sions one has to make more than 244 - 10° computations; not
a very practical solution.

This problem has found a large number of tricks and
recipes to get a quick solution, however a rational settlement
of the argument has come with the so-called A-method (see
Teunissen 2017).

Here we apologize for using the symbol Z for different
objects, however, we prefer to keep the original notation of
the author (Teunissen 2017).

The idea of the method works on the basis of the following
proposition.
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Proposition 3 Consider the set of matrices Z € R¥ @ RV,
with integer entries and unimodular, namely

ZeTU=1{Z:ZcZ,|Z| =+1}, (88)

where |Z| denotes the determinant of Z. Then TU is invari-
ant under inversion, namely

ZelUs Z ' eTU. (89)

Proof 1f Z € TU, thinking of the inverse Z~! as computed
by Kramer’s rule, it is obvious that the entries (Z~');; are
integers; also on account of the relation

ZllZ7 = 1=1. (90)

we see that |Z| = £1 = |Z~'| = %1, with the same order.
The inverse relation is trivial because (Z~1)~! = Z.

We note that, by using (90), it is elementary to show that
(87) is equivalent to the other condition

Z,ZV' eTU,ieZ,Z ' eTU = |Z|=|Z7"| = £1

a

Given that, we return to the integer estimation problem of
finding the minimum of

NeZV, Q0 (N)=((Nag—N)'T(Ng—N), 91)

with I' = Cﬂ_l, given by (78). Now let us transform by
means of a Z € ZU the unknowns, according to

M=Z'N,Mg=Z"'Ny. (92)

Accordingly, (91) is transformed into the search of the
minimum of

MeZV . Qp(M)=Mzg—M)"T'(Mqg—M). (93)
with
r=z'rz. (94)
We note that, since

|l =|Z"||r||Z| =T, (95)

the volume of the ellipsoid Q(N) < c is the same as

that of the ellipsoid QO (M) < c; so the point now is
whether we can take advantage of the Z transform so
that the new ellipsoid becomes as close as possible to
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one referred to its axis. Under this circumstance in fact a
search space constituted by a parallelepiped parallel to the
axis in the M space, has much smaller volume and the

corresponding numerical burden of computing Q (M),
in this smaller search space, is strongly reduced (see
Fig.2).

Ideally, we would like to use (94) to make I" diagonal, but
this is not possible in general due to the discrete character of
the entries of Z. We note that diagonalizing I” is equivalent
to diagonalizing Cy, = I’ ~! and this last target has a
clearer statistical meaning, when we say that we want to
decorrelate the components of M. To achieve this result
we first notice that, given any covariance matrix C, the
corresponding correlation matrix R is obtained by

R = D(C)V*cD(C)™'/?, (96)
where D(C) is a diagonal matrix with the same diagonal as
C. Then our purpose is to make the matrix R as close as
possible to the identity; since

IRI<1, |RI=1&R=1, 97)
decorrelation can be translated into trying to maximalize the
|R|,i.e.

IC| IC|
|R| = = . 98)
DO TV, Cy
In our case C = Cyq and we know from (95) that
-1 _
ICuyl = 1T | =T = |Cwyl .
so that (98) writes
|CNﬂ|
IRuyl = o ; (99)
[Ti=1 Caii
therefore
N
max |Ryq| < minl—[ Coii - (100)

i=1

Since it is clear that the product of two Z transforms is
again a Z transform, the algorithm used for decorrelation
works on a couple of variables at time and then takes
the product of the so found Z transforms. So, following
Teunissen (2017), we concentrate on the algorithm for a
two-dimensional case. Also in this reduced example we act
iteratively, namely we fix one of two components, say M| =
N, and we try to minimize the variance of M;. Once this
is achieved, we fix the second component and we try to
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minimize the variance of the first with a new Z transform,
and so forth. At the end we multiply all the Z transforms
above defined. Then, starting from

C C

) C = C )
C21 C2 ( 12 21)

Cp = ‘ (101)

and applying a Z transform of the form

10

Z= al

where « for the moment is left just real, we see that My =
Z N g will have variances

Ot = Oxg1 = C1 . Oy = Cra” + 2Cpa + G5 . (102)

So the real @ minimizing 01%4[12 is given by
(103)

indeed this value is in general real and not an integer.

However, we can round it to the nearest integer — [%112].

Since from (102) (71%4‘1 can be written as

Ci\? Cin\?
02y =C—Cy |:(C112) —(a+ cllz) ] (104)

we see that indeed o given by (103) can only decrease oi,ﬂz,

but for the trivial case that « = 0, in which instance o]%,,ﬂz =
)

Cz =0 Np2-
So we have found an integer @ = [C‘Z] that decreases

01%4“2 and then we can proceed as described above.

Once the numerical problem of finding N ;. has been
solved, we still have to try to give a reasonable method to
compute the covariance of x js7,. This however implies that
we are able to compute the covariance of NV s, which indeed
is not an easy task. However, as our elementary example
has revealed, in general assuming that N, is a fixed
vector, with zero covariance, easily leads to an unrealistic
conclusion. In this case in fact we have an NN g, solution and
the corresponding x4« solution has obviously the covariance
(ATWA)™'; this often is simply too small to be true.

Now that we have visited so to say the ground zero of
the integer estimation problem, at least focussing the main
drawbacks of too simplistic solutions, we have to account
for an important mathematical construction in estimation
theory which is essentially due to P. Teunissen and his school
(Teunissen 2001, 2003, 2007).

The analysis starts with a more precise definition of class
of integer estimator N 7 (see Teunissen 2001), of which
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the Least Squares Estimator, discussed above, is just one
member. To be precise, N s is defined first by a partition of
R" into regions Sy (N € ZV) that are obtained by shifting
the neighbor of the origin Sy, namely

SN=So+N (105)
in such a way that the two conditions
— pN
Usy = R (106)

int(SN)ﬂ int(SN)=®, N #N/

are satisfied. Since the origin 0 has to belong to Sy, we have
as well N € Sy. The set Sy is called the pull-in region and
it defines the integer estimator N ; by the rule

NoeSy = N;=N. (107)

This can be cast into an analytic form by the use of
characteristic functions

= 1 Nﬂ S SN
Ng) = 108
N (N) % 0 otherwise , (108)
namely
Ni= > Nxv(Ny). (109)

NezZN

Clearly the choice of any Sy satisfying (108) determines
the specific integer estimator under consideration.

For instance, the simple round off estimator N g has pull-
in regions determined by

={$eRN,|§i|s; i=1...N}. (110

A little more elaborated, but more effective, specially if
preceded by a step of a quasi-decorrelation, is the so-
called bootstrap integer estimator, N p. This is defined
according to the concept of sequential conditional
Least Squares Adjustment, going through the following
steps.

We start with N; and fix it as in the round off method,

Niz=[Nul,

then the rest of the vector ]/\\,ﬁ (i.e. ﬁzﬂ,ﬁm ]VNﬂ)
is corrected by the effect of N;p, now ﬁxed due to the
correlation of these components with N m — N 1B We
obtain (Nz‘lﬂ, N3|1ﬂ .) and we proceed by rounding Nz\lﬂ,
getting

]/\723 = [N2|1ﬂ] .
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At this point we subtract from (1/\7 M- N ~a) the influ-
ence of (]V 1B, N »p) due to correlation and we can now fix
N and so forth, since all components are fixed. Then one can
prove that, performing the Cholesky decomposition

Cn, = LDL" ,

with L a lower triangular matrix with all units on the main
diagonal, the pull-in region for the bootstrap estimator is
given by

1

={EcRY; le]L7'E < =1,2...N}

(111)

(eiT =(0,0...1...0),i in the i-th entry) .
Finally, the integer Least Squares estimator N 71 has a pull-in
region that is described by the formula
1

SoL ={E RV : |cTCylEl < chc,;gc . VeezVy. (112)

The importance of this systematic approach to integer
estimation is in that we can in pr1nc1ple describe the (dis-
crete) probability distribution of N 7 as functlon of N 4. In

fact, if Py(N) is the probability density of N, often taken
as Gaussian Ng ~ N(NV, Cy,), we have

P(Nye Sy) = /S Pa()dE = /S Pa(N + §)dE (113)

This distribution can be explicitly computed for the boot-
strap estimator (see Teunissen 2001); otherwise upper and
lower bounds for (113) can be given for the other cases.
Indeed other numerical methods, for instance a Monte-Carlo
method, could be applied too.

In any event, knowledge of the distribution of N ;1 allows
one to define an important index of quality for a specific
integer estimator, namely the success rate, i.e. the probability
that N ; = N when N is the true value of the variable N in
the model (75), namely

P(N;=N) = P(Ny—N € Sp) =

:/S Py(N + £)dE .

P(NpeSy) =

(114)

In addition all that permits to study the sensitivity of the
estimator N ; to the presence of biases, accounted by the
model (75). This is discussed in Teunissen (2001), but on
the same time it opens the problem that an integer estimator
N 1 has always as output a vector of integer variates by its
very definition. This however is not always the best solution,
exactly because the presence of some biases can shift the N f
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“far” from a knot of Z", sometimes even with a peaked
distribution. To explain, take the case that N € R! (one
ambiguity only) and Ng = 0.4 while O-(Nﬁ) = 0.01; if we
are forced to chose an integer, we will certainly take N; =
0, yet any test with a reasonable value of the significance
parameter « will tell us that the hypothesis that N = 0 has
to be rejected.

This has suggested to define a new class of estimators
(see Teunissen 2004), called by the author “integer aperture”
estimators, N 14. The basic idea is to define a pull-in region
£20 C So and then propagate it to the full design of {Sx} by
setting

2y =N+ 29 C Sy . (115)
Then the following rule is established
1/\71,4= N if Nqe€ 2y (116)

Ny if Nope RN\ Uy 2n .

In other words, N 74 1s discrete when N q falls in the
region 2 = | ~ $2n, and continuous when N g falls in the
complementary region, §2¢.

With the help of the characteristic function o, (§) we
have then the I A estimator defined as

Niy=Na+ Y (N—=Nn)yxay(Nn).
NezN

(117)

In Teunissen (2004) it is shown that some rules commonly
used to fix ambiguities, like for example the ratio test
criterion, give rise to estimators falling in the A class.
Connatural to IA estimators is the definition of three
probabilities

= P(Nia=N|N=N)=P(Nge2y)
Pr=P(Njs=N|N #N)=P(Nge2\2y)
Py = P(Nis=Np) = P(Nq € 2°)

called success, failure and undecided rates.

If one attaches to the three events S, F', U some penalty
figures, one is then conducted to find minimal penalty estima-
tors. The solution of this problem can be found in Teunissen
(2004).

Finally, an even larger class of estimators has been defined
in Teunissen (2003), namely the Integer Equivariant (IE)
estimators, defined as follows.

Let ¥ be any linear function of parameters in (81), namely

9 =CIN +Clx (118)
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then an estimator

9 =go(¥) (119)
belongs to IE if it satisfies the relations
g9(Y + Bz) = gg(Y)+Clz VzezV (120)

g (Y + A48) =g (Y)+ C[E, VEeRY. (121

It has to be noted that the class of linear unbiased estima-
tors, LU, is included in IE. In fact, if
SLu=glY =glBN +ghax+glv, (122

for some g4 € R", and gLU has to be unbiased, one has to
have

E@Lut=g!BN+glAx=CIN +C/x VNez" VxeR

Therefore it is enough to choose g4 such that

T, _
{B gy =Cn (123)

ATgla = Cx

to see that (122) is an IE estimator too.

One can prove that LU C I A strictly.
T

AT
roughly there are many solutions of (123) and therefore the
idea of finding an “optimal” IE estimator is appropriate.

The problem of finding the gy estimator with minimum
mean square error is analyzed and solved in Teunissen
(2003).

Such best solution can be summarized by the formulas

Since is a matrix with less rows than columns,

53|E = Clz;NB\E + CfoB\E , (124)
Pa(Ng— N)
Npjg = N . (125)
NéN ZzEZN Pﬁ(Nﬂ _Z)
XB|E =xﬁ_ox\ﬂjv\ﬂc"N_\;(Nﬂ_NB\E) . (120)

An interesting feature of this solution is that it comes
to one and the same form as the mean of the a posteriori
distribution of estimators of /N and x, based on a Bayesian
approach (Betti et al. 1993). So in this case too a Bayesian
approach, with a suitable prior distribution, and a frequentist
approach give similar results.

It has to be noted that, while the class of Integer estimators
has been considered in mathematical statistics, the other
two broader classes constitute an original contribution from
Geodesy.

Finally, it is worth at least mentioning that not only
the estimation of integer/continuous unknowns has been
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studied, but also the problem of prediction of mixed inte-
ger/continuous random variables has been analyzed in Teu-
nissen (2007), arriving at closely related results.

Moreover, the analysis of a problem “dual” to the integer
estimation described in this section, namely the so-called
search of the closest point in a lattice, has been developed
in the 1980s (see Pohst 1981; Kannan 1983) suggested by
informatic problems in coding and cryptography.

Once more Mathematics and Geodesy have attacked sim-
ilar problems, until recently they started to interact (see
Jazaeri et al. 2014). Yet it seems not by chance that Geodesy
has approached the integer estimation problem from a typical
statistical point of view, as a particular aspect of the general
least squares theory.

6 Inverse Problems and Regularization

Next we are interested in another important area of Mathe-
matical Geodesy, namely the theory of inverse problems. A
geodetically reflected survey about inverse problems is given,
e.g., in Freeden and Nashed (2018b). In the approach pre-
sented here we also follow this contribution, however, only
considering such parts, that are necessary prerequisites for
a novel regularization strategy, i.e., multiscale regularization
in Hilbert spaces. The preparatory material taken almost lit-
erally from Freeden and Nashed (2018b) is used to study two
essential problems of Geodesy, namely satellite gravitational
gradiometry (SGG) and inverse gravimetry (IG).

We start our preparatory consideration by assuming that
X and Y are two Hilbert spaces with inner products (-, -)y
and (-, -)y, respectively. Let

A:X —Y (127)

be a linear bounded operator. For a given element y € ¥ we
are looking for a solution of

Ax = y. (128)

In accordance to the classification due to Hadamard (see
Hadamard 1902), we call such a problem (128) well-posed,
if the following properties are valid:

— For all data, a solution exists (existence).

— For all data, the solution is unique (uniqueness).

— The solution depends continuously on the data (stability).
In the language of functional analysis, these requirements
can be translated (see, e.g., Freeden and Nashed 2018b) into
the properties:

— A is surjective, i.e., the range R(A) is equalto Y .
— A is injective, i.e., the null-space N'(A) only consists of
{05.

— A~ Vis continuous (hence, bounded).
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By convention, if one of the three conditions is not fulfilled,
the problem (128) is called ill-posed (for more details the
reader is referred to, e.g., Freeden and Nashed 2018b).

Let us point out the consequences of the violations of the
above requirements for the well-posedness of (128). The lack
of injectivity of A is perhaps the easiest problem. The space
X can be replaced by the orthogonal complement N (A)L,
and the restriction of the operator 4 to N'(4)* leads to an
injective problem.

In geoscientific practice, one is very often confronted with
the problem that R(A) # Y, since the right side is given by
measurements and is, therefore, disturbed by errors. In this
case, instead of y € R(A), we have to consider a perturbed
right side y° (see, e.g., Nashed 1987a,b). We suppose that

Iy = »*lly <e. (129)
The aim now is to find a solution x* of the equation
Ax® = y°. (130)

Since y® might not be in R(A), the solution of this equation
might not exist, and we have to generalize what is meant
by a solution (cf. Nashed 1976). x° is called least-squares
solution of (130), if

[Ax® = y*lly = inf{|[Az — y*|ly 1z € X} (131)
The solution of (131) might not be unique, and therefore
one looks for the solution of (131) with minimal norm. x*

is called best approximate solution of Ax® = y®, if x°is a
least-squares solution and the condition

|x%||x = inf{||z||x : z is a least-squares solution of Az = y°}

(132)

holds true. The notion of a best-approximate solution is
closely related to the Moore-Penrose (generalized) inverse
of A (for more details on the theory and applications of gen-
eralized inverse operators, see, e.g., Nashed 1987a). We let

A: N — R(4) (133)

by
A= Ayt (134)

and define the Moore-Penrose (generalized) inverse AT to be
the unique linear extension of A™! to

D(AT) = R(A) + R(A)*, (135)
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where

N(AYH =R (136)

A standard result (see, e.g., Nashed 1976, 1987a) is
provided by the following statement:

If y € D(A"), then Ax = y has a unique best-
approximate solution which is given by

xT = ATy, (137)
The set of all least-squares solutions is x* + N(A).

A serious problem for ill-posed problems occurs when
A~" or AT are not continuous. This means that small errors
in the data or even small numerical noise can cause large
errors in the solution. In fact, in most cases the application
of an unbounded A~! or AT does not make any sense in
computations. The usual strategy to overcome this difficulty
is to substitute the unbounded inverse operator

ATV R(A) — X (138)
by a suitable bounded approximation
R:Y — X. (139)

The operator R is not chosen to be fixed, but dependent on a
regularization parameter o. According to the usual approach
in inverse theory we are led to introduce the following
setting.

Definition 3 A regularization strategy is a family of linear
bounded operators
R,:Y — X,

a >0, (140)

so that

lir% RyAx = x forallx € X, (141)

i.e., the operators R, A converge pointwise to the identity.

From the theory of inverse problems (see, e.g., Engl et al.
1996) it is also clear that if A : X — Y is compact and
Y has an infinite dimension (as it is the case of all satellite
applications we have in mind), then the operators R, are not
uniformly bounded, i.e., there exists a sequence {c;} with
lim; oo @; = 0 such that

| Ro; Ly x) — 00, j — 0. (142)
Here we have used the standard convention of the operator
norm

ILyllx

in ) (143)
Iylly#0 [|ylly

ILllLy x) =
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Note that the convergence of R,Ax in Definition 3 is
based on y = Ax, i.e., on unperturbed data. In practice,
the right side is affected by errors and no convergence
is achieved. Instead, one is (or has to be) satisfied with
an approximate solution based on a certain choice of the
regularization parameter.

Let us discuss the error of the solution: We let y € R(A)
be the (unknown) exact right-hand side and y® € Y be the
measured data with

Iy =ylly <e. (144)
For a fixed @ > 0, we let
x%* = Ryy®, (145)

and look at x** as an approximation of the solution x of
Ax = y. Then the error can be split in standard way (see,
e.g., Engl et al. 1996) as follows:

1% = xllx = [Ray® — xllx (146)

S [ReY® — Rayllx + [[Ray — x|lx

< Rallerx 1Y = ylly + [[Ray — x|lx,

such that

[x*° = xllx = [ Rallirxne + [[RaAx — x[[x. (147)
We see that the error between the exact and the approx-
imate solution consists of two parts: The first term is the
product of the bound for the error in the data and the norm
of the regularization operator R,. This term will usually tend
to infinity for & — 0 if the inverse A™! is unbounded (for
example, if A is compact). The second term denotes the
approximation error ||(Ry, — A™!)y|x for the exact right-
hand side y = Ax. This error tends to zero as « — 0 by
the definition of a regularization strategy. Thus, both parts of
the error show a diametrically reflected behavior. A typical
picture of the errors in dependence on the regularization
parameter « is sketched in Fig. 3. Thus, a strategy is needed
to choose o dependent an ¢ in order to keep the error as small
as possible, i.e., we would like to minimize
&l Raller x) + [[ReAx — x| x. (148)
In principle, we distinguish two classes of parameter
choice rules: If @ = «(e) does not depend on &, we call

a = o(e) an a-priori parameter choice rule. Otherwise o
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total error

Error

[RoAz — x||x

5||Ra||L(Y,X)

(0%

Fig. 3 Typical behavior of the total error in a regularization process

depends also on y*¢ and we call @ = a(e, y°) an a-posteriori
parameter choice rule. It is conventional to say a parameter
choice rule is convergent, if for ¢ — 0 the rule is such that

lim sup{[Ro(eyr) " = ATyllx 13" €Y.y = ylly <e} =0
(149)
and
lim sup{ar(e, y°) = y* € Y. [ly = y"lly =&} =0. (150)

All in all, the rationale in most methods for resolution
(approximate solvability) of ill-posed inverse problems is
to construct a “solution” that is acceptable physically as a
meaningful approximation and is sufficiently stable from the
computational standpoint, hence, an emphasis is put on the
distinction between “solution” and “resolution”. The main
dilemma of modeling of ill-posed problems (IPP) is that the
closer the mathematical model describes the IPP, the worse
is the “condition number” of the associated computational
problem (i.e., the more sensitive to errors). For ill-posed
problems, the difficulty is to bring additional information
about the desired solution, compromises, or new outlooks
as aids to the resolution of IPP. It is conventional to use
the phrase “regularization of an ill-posed problem” to refer
to various approaches to circumvent the lack of continuous
dependence (as well as to bring about existence and unique-
ness if necessary). As already pointed out, this entails an
analysis of an IPP via an analysis of associated well-posed
problems, i.e., a system (usually a sequence or a family) of
well-posed “regularizations”, yielding meaningful answers
to the IPP.

The strategy of resolution and reconstruction of ill-posed
problems involves one or more of the following intuitive
ideas (cf. Nashed 1987a,b; Freeden and Nashed 2018b):

— change the notion of what is meant by a solution (e.g.,
g-approximate solution: ||AX — y|| < &, where ¢ > 0 is
prescribed; quasi-solution: ||AX — y| < ||[Ax — y| for all
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x € M, a prescribed subset of the domain of A; least-
squares solution of minimal norm, etc),

modify the operator equation or the problem itself,
change the spaces and/or topologies,

specify the type of involved noise (“strong” or “weak”
noise as discussed, e.g., in Eggermont et al. 2015).

From the standpoint of mathematical and numerical anal-

ysis one can roughly group “regularization methods” into six
categories:

1.

Regularization methods in function spaces is one cat-
egory. This includes Tikhonov-type regularization, the
method of quasi-reversibility, the use for certain func-
tion spaces such as scale spaces in multi-resolutions,
the method of generalized inverses (pseudoinverses) in
reproducing kernel Hilbert spaces, and multiscale wavelet
regularization.

. Resolution of ill-posed problems by “control of dimen-

sionality” is another category. This includes projection
methods, moment-discretization schemes. The success
of these methods hinges on the possibility of obtaining
approximate solution while keeping the dimensionality
of the finite dimensional problem within the “range of
numerical stability”. It also hinges on deriving error
estimates for the approximate solutions that is crucial to
the control of the dimensionality.

. A third category is iterative methods which can be applied

either to the problem in function spaces or to a discrete
version of it. The crucial ingredient in iterative methods
is to stop the iteration before instability creeps into the
process. Thus iterative methods have to be modified or
accelerated so as to provide a desirable accuracy by the
time a stopping rule is applied.

. A fourth category is filter methods. Filter methods refer to

procedures where, for example, values producing highly
oscillatory solutions are eliminated. Various “low pass”
filters can, of course, be used. They are also crucial for
determination of a stopping rule. Mollifiers are known
in filtering as smooth functions with special properties
to create sequences of smooth functions approximating a
non-smooth function or a singular function.

. The original idea of a mollifier method (see, e.g., Freeden

and Nashed 2018b and the references therein) is interested
in the solution of an operator equation, but we realize
that the problem is “too ill-posed” for being able to
determine the (pseudo)inverse accurately. Mollifiers are
known as smooth functions with special properties to
create sequences of smooth functions approximating a
non-smooth function. Thus, we compromise by changing
the problem into a more well-posed one, namely that of
trying to determine a mollified version of the solution.
The heuristic motivation is that the trouble usually comes
from high frequency components of the data and of the
solution, which are damped out by mollification.
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6. The root of the Backus-Gilbert method (BG-method)

was geophysical (cf. Backus and Gilbert 1967, 1968,
1970). The characterization involved in the model is
known as moment problem in the mathematical literature.
The BG-method can be thought of as resulting from
discretizing an integral equation of the first kind. Where
other regularization methods, such as the frequently used
Tikhonov regularization method (see, e.g., Freeden and
Nashed 2018b and the references therein), seek to impose
smoothness constraints on the solution, the BG-method
instead realizes stability constraints. As a consequence,
the solution is varying as little as possible if the input
data were resampled multiple times. The common fea-
ture between mollification and the BG-method is that an
approximate inverse is determined independently from
the right hand side of the equation.
0Q7) The philosophy of resolution leads to the use of alge-
braic methods versus function space methods, statistical ver-
sus deterministic approaches, strong versus weak noise, etc.
A regularization-approximation scheme refers to a variety of
methods such as Tikhonov’s regularization, projection methods,
multiscale methods, iterative approximation, etc., that can be
applied to ill-posed problems. These schemes turn into algo-
rithms once a resolution strategy can be effectively implemented.
Unfortunately, this requires a determination of a suitable value
of a certain parameter associated with the scheme (e.g., regu-
larization parameter, mesh size, dimension of subspace in the
projection scheme, specification of the level of a scale space,
classification of noise, etc.). This is not a trivial problem since it
involves a trade-off between accuracy and numerical stability, a
situation that does not usually arise in well-posed problems. Are
there more appropriate concepts of regularization stopping rules
in future?

In Geodesy we are confronted with two essential types of
problems, for which the following examples in the structural
manifestations of Fredholm integral equations of the first
kind may serve as prototypes for a large class of ill-posed
inverse problems in Mathematics:

— satellite gravitational gradiometry (SGG) problem, i.e.,
“downward continuation” of gravitational satellite data to
the Earth’s surface to obtain gravitational information:
A prototype is the SGG problem of determining the
(anomalous) potential 7" on the Earth’s surface S from
values of the Hesse tensor T(x) = (V ® V)T (x) on the
satellite orbit. A viable way to model SGG may be based
on the Runge assumption that there exists a potential T
outside a Bjerhammar (Runge) sphere S,ZB in g-accuracy
(¢ > 0, arbitrarily small) with the potential 7" outside
and on the Earth’s surface S. This leads to the integral
equation of type

~ 1 2 _32
T(x) = A(T)(x) = /sz (Vx ® Vy) 4np |J; —fP T(y)dS(y).
b ~— _ -
=P(x.y)
T|§% € L*(S}). (151)
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for points x on the satellite orbit, where T(x)
= (V ® V)T (x) are the tensorial satellite input data,
P is the Poisson kernel, and the scalar function T|S
obtained by “upward continuation” from ng represents
the required SGG-solution, and A is the operator of the
Abel-Poisson-type integral (151). So, the inverse problem
consists of finding 7~"|S/23 from the Hesse tensor (V ® V)T
on the satellite orbit. In the jargon of Mathematics (see,
e.g., Engl et al. 1996), this is an exponentially ill-posed
problem which inextricably needs regularization because
of the unboundedness of the existing inverse A~! (note
that A given by (151) is a compact operator).

In principle, all aforementioned regularization techniques of
Mathematics are applicable to SGG. However, because of
the nature of ill-posedness, there are good reasons to restrict
our discussion to multiscale regularization methods devel-
oped during the last decades based on an IPP-modification
(Freeden and Schneider 1998) of the wavelet philosophy (as
known from Chui 1992, Daubechies 1992 in classical one-
dimensional theory and Freeden and Windheuser (1997) in
the spherical case).

— inverse gravimetry (I1G) problem, i.e., “downward com-
putation” of gravitational terrestrial and/or external data
to the Earth’s interior to obtain density information: A
prototype is the IG problem based on Newton’s integral
equation

Vix) = [B Gx —y) F(y) dy = A(F)(x) (152)

where B represents the Earth’s body (or a part of it), V
is the potential generated by the mass density anomaly
F distributed on B, G is the fundamental solution of the
Laplace equation, i.e., the Newton kernel

G(x—y) =

x#Fy, (153

4 |x —y|’

and the operator A here stands for the Newton integral (152).

Contrary to the case of L*(3B) (see, e.g., Freeden 1980
for more details), the class L?(B) of square-integrable func-
tions is not obtainable only by the L?-completion of a
countable harmonic function system such as solid (outer)
spherical harmonics, outer ellipsoidal harmonics, certain
mass point systems, harmonic spline and spline-wavelet
systems. In addition, we have to take into account a so-
called “anharmonic function system” (see, e.g., Weck 1972,
Ballani and Stromeyer 1982) forming the “ghosts” of IG.
This observation explains the ill-posedness of the inverse
gravimetry problem. In fact, in accordance with the famous
Hadamard classification (cf. Hadamard 1902), the IG prob-
lem with F € L?(B) violates all criteria, viz. uniqueness,
existence, and stability.
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According to Freeden and Nashed (2018a) IG is “too
inverse” to apply a conventional regularization technique,
instead they propose multiscale mollifier methods for its reg-
ularization. Moreover, Freeden and Nashed (2018a) studies
the case (important at least in exploration), where V (x)
is also known for some internal points x € B. In fact,
Blick et al. (2018) validate for representative data sets that
additional internal data points can be used to stabilize the
numerical solution process of IG.

7 The SGG Problem and Its
Frequency-Multiscale Analysis

Tensor spherical harmonics of type (1,1) allow to express the
Hesse tensor applied to solid (outer) harmonics in the form
(see Freeden and Schreiner 2009 for more details on tensorial
harmonics)

B _ ~(1,1) ¢ (L1):B
VeV H—n—l.k - \/'u“” h—n—l,k’

where we have used the abbreviation
AY = (n +2)(n +2)(2n —3)(2n — 1).

Consequently, we find the tensor-isotropic SGG-pseudodiffe-
rential equation

oo 2n+1
AP =Y 3 F D A = (Ve V)T
n=2 k=1
(154)
with
7" (0, k) = (T, HP
(k) = (T, —n—l.k)LZ(S/@)

and

(L,1);
A(pr—l,q) = A%(p) h—p—ﬁq

= VR, =V eV

p—lg

(155)

as spectral (frequency) representation to be used for the
inversion of the SGG-integral equation (151). Equivalently,

1@ = [ K T dsw)
B

(Ve V)T (x) = T(x),

(156)
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where the tensorial kernel K(-, ) is given by

oo 2n+1

>3 il

n=2 k=1

K(x,y) = SRS ey HE L ).

(157)

By the completeness of the system { H” p 1 k} this enables us
to conclude in the framework of L? (S ) of square-integrable
tensor fields on S/zs that

(Ve V)T.h') fq)Lz(S )

p-Ds8

i1 () dS(y)  (158)

- / ¥V V)T (y)-
LZ(SZ)

"2 (p, )y .

As an immediate result, we obtain the following expansion
for the potential T’

T(x) =A7'(V®WT)(x) (159)
oo 2n+1
Z Z (Ve V)T h(—nl) 1k>L2(sZ)(M(1 D)~ I/QHﬁn 1 (%)
n=2 k=1

for all points x of the outer space of S3. Equivalently, if
all input (satellite) tensor data points (x,(V ® V)T (x))
satisfy the canonical assumption |x| > y > B, ie., Sf, is
a “Bjerhammar (Runge) sphere” for the satellite orbit, then

T(x)=A""((V® V)T)(x)
oo 2n+1

= Y YV eNTRE e,

n=2 k=1

(160)

y n+2
(1)t e

This formula expresses the (approximation of the) anoma-
lous potential 7" in terms of the tensor T =~ (V® V)T related
to Sf,.

A is a linear bounded injective compact operator so that
the SGG-problem is ill-posed because of the unboundedness
of A1,

As described earlier in Definition 3, a regularization
strategy for the SGG-problem is a family of linear bounded
pseudodifferential operators R}, so that limj_,o R; A(T) =
T in the outer space of S2, i.e., the operators R; A converge
in pointwise sense to the identity operator.

In what follows, we are only interested in two multiscale
regularization strategies, particularly relevant in geodetic
SGG-application (for a more general and deeper explanation
see Freeden and Nutz (2011), Freeden et al. (2018a); the
publication (Freeden et al. 2018b) is based on Freeden and
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Nutz (2011), Freeden et al. (2018a) and on this work, it
provides more general material in frequency as well as space
domain):

Tikhonov  Regularization Strategy It uses the (non-
bandlimited) isotropic Tikhonov-kernels (scaling functions)

®;, j =0,1,..., given by
oo 2n+1
Oj(x,y) = Y > (@) mH’, ) H, ()
n=2 k=1
(161)
with
(ANm))? .
o HN = R =2,3,..., =0,1,...,
@D = anayy + 122 ’
(162)

where {u;}, j = 0,1,..., is a sequence of real num-
bers satisfying lim; o p; = 0. Then the operators R;
=@; * A~! constitute a multiscale regularization strategy:

Tj(x)

= RjA(T)(x)

oo 2n+1

YD @) (Ve V)T,

n=2 k=1

([ ")~

(163)

(1.1)
hZ,” 1k>L2<s§,)

VHE )

oo 2n+1
YD @) (VT WY ),
n=2 k=1

n+2
<G (V).

Truncated Singular Value Regularization Strategy It starts
from a one-dimensional function ¢y : [0, 00) — R with the
following properties:

- @o(0) =1,

. @p is monotonically decreasing,

. ¢o is continuous at 0.

. ¢ : [0,00) — R has a local support, i.e., supp @y C
[0, 1].

5. The generators Wo,l/}o : [0,00) — R of the mother

wavelet and the dual mother wavelet, respectively, also

possess a local support, i.e.,

RO R S R

(164)
(165)

supp Yo C [0, 1],
supp Yo C [0, 1].
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Accordingly, we are led to the isotropic scaling functions

®;, j=0,1,..., given by
oo 2n+1 '
Di(x.y) =Y > @@In)H,_ ()HE ().
n=2 k=1
(166)
where
0<(®)"(n) =¢o(27/n) <1, n=0,1,...
(167)
and
lim ()" (n) = lim ¢o(2~7/n) = 1, n=01,....
] —>00 ] —>00
(168)

In accordance with our construction, the compact support
of ¢o implies that only finitely many (®;)”(n) are different
from 0. Obviously, it follows that

supp ¢; C [0, 271,
supp ¥; C [0, 271,
supp ¥; C [0,27].

So, the bandlimited kernels @;, j = 0,1,..., defined via a
generator ¢ satisfying the properties (i)—(iv) as stated above
define operators

R; =@ A7, (169)

which constitute a regularization strategy in the following
sense:

1. R; is bounded,
2. the limit relation

lim R;A(T) =T (170)
] —>00

holds true in the outer space of S/zs .

For more non-bandlimited as well as bandlimited regular-
ization strategies and multiscale realizations in form of tree
algorithms the reader is referred to Freeden et al. (2018a).

0Q9) As in collocational and spline theory (see, e.g., Sanso
1980, Sanso et al. 1968, Tscherning 1977), the choice of the ker-
nel, i.e. regularization scaling function, is an important problem
in SGG. Mathematically, all regularization strategies are equiv-
alent, however, what is the right computational compromise
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between mathematical rigor and geodetic relevance in respect
to geometry of orbit, data width, and accuracy?

The recently published approach (Freeden et al. 2018b)
also contains a novel space-based multiscale regularization
of SGG.

8 The IG Problem and Its
Space-Multiscale Analysis

Let us begin with some preparatory remarks:

1. Sometimes instead of Newton’s integral equation (152)
we consider a different integral relation between V' and F
by applying a linear(ized) operator L to it, transforming V'
into some other field, e.g., a gravity anomaly field, namely

LV(x) = /B (LGx —yF(ndy. (171

For simplicity, however, we will work with (152) and the
IG problem, which is just to derive F' from V (instead of
deriving F from certain linear functionals LV (x) of V).

2. We formally know that (cf. Miranda 1970; Sansd and
Sideris 2013)

—A:G(x —y) =8(x —y), (172)
where the Dirac distribution § is so to say the “density”,
in the sense of measure/distribution theory, of a point
mass at y. The formal inversion of (152) is therefore well
known and consists in applying —A to both members
of this equation in B. However, we must recall that the
study of the integral operator A and its inverse depends
significantly on the spaces, where we choose that domain
and image of the operator A are embedded. Note that here
the operator is the same as that defined in (152).

3. In classical potential theory (see, e.g., Miranda 1970),
if the domain of A is constituted by Hoélder continuous
functions F on B, then the Poisson equation

AV (x) = —a(x)F(x), x € R®, (173)

yields an inverse equation to (152), where a(x) is the
solid angle, divided by 4m, under which one “sees” the
surface S from x, sothat « = 1in B and « = 0O in
R*\ B. On the boundary S = 9B, the value of « depends
on the smoothness of S. For a continuously differentiable
surface S we have ¢ = ; A rigorous mathematical proof
of (173) is given in Freeden and Gerhards (2013), which
also serves as a preparation for the multiscale mollifier
method.
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In what follows, we only provide a sketch of the inversion
process, if we take as the domain of A the space L*(B). In
this case, the image

Y = A(L*(B)), (174)
is a closed subspace of le(’)zc(R3), where “loc” has to be
added since potentials in ¥ may go to zero at infinity as of the
order O (|x |_1), which does not imply square-integrability.
Moreover, the solid angle o on S is not of importance, in
fact, F' in the integral equation (152) may be understood as
a function in L?(R?) with Flgs\g = 0,B = BUIB, so
that it has no specific values on a set of zero 3D-measure like
S. A potential theoretic description of ¥ can be provided by
saying that V' € Y means that

a) Ve H**(B)

b) VeH: (R\B), AV=0inR?\B;
[V(x)] = Ofor |x| — o0,

¢) the traces of V and BBZ on S=4dB from inside and outside,
coincide, i.e.,

1% %

Vi=1V_, = .
* ony  On—

(175)

(note that another characterization of ¥ will be given later
on).
The reason why we call
F=—-AV, VeY = A(L*(B)) (176)
a “formal inverse” of (152) is that, since V' is given as a
datum, it might be polluted by errors and therefore suitable
regularization/approximation procedures have to be applied
before (173) can become effective. This is the viewpoint
of a general review paper (Freeden and Nashed 2018b) on
regularization methods, that we will follow in the sequel,
with the specific target of showing briefly how multiscale
methods can enter into this process.

Remark 3 In reality, the most relevant problem from the
geophysical point of view is when V is known only in
B = B U 0B, and therefore also on S due to the trace
property c) above. In this case, however, we cannot expect
uniqueness of the solution of (152) because, according to
(176), the Laplacian applied to any harmonic function that
continues V in B respecting the conditions (175) generates
the same outer potential.

Letting formally Vz be a member of class H2>2(B)
satisfying

Vg
on

_ a(V|(]R3\B))

ls o

Vals = (Vlgog)ls - ls (177)
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we are able to show Nthat the class of all solutions of IG
consists of functions F of the form
F==av = =A(Vigag + V). (78)
where the cczndition (175), in fact, guarantees that V' =
V]gsg) + Va isstill a mf:mber of le(')ZC(R3).
Indeed, the family {Vp}, which is clearly closed in
H?2(B), can be completely described by the equation

0
@ — 0.

@ € HY*(B), ie.,¢|s = )
nlg

VB=I70+§0,
(179)

where V; is any function of H22(B) satisfying the boundary
condition (175). The problem how to find such Vo is well-
known from the literature (see, e.g. Miranda 1970; McLean
2000).

So, continuing ¢ with O outside B, we have found the
class of all solutions of (152), namely

F=-A (V|(R3\B) + 170) —Ag . g€ HX(B). (180)

and in particular we can say that the kernel of 4, which is a
closed subspace of L?(B) is given by the null-space
N(4) = -4 (H(B)) . (181)

The elements of A/(A) are called anharmonic functions (see,
e.g., Ballani and Stromeyer 1982). If we further observe that
the orthogonal complement in L2(B) of N'(A) is just
HL*(B)={f eL*(B) : Af =0in B}, (182)

and we restrict (180) to B, where Fis supported, we arrive

at a further fact specifying that the general solution of (152)
can be written as

F=f—Ap, feHL*B), g€ H*(B) (183)

with f the orthogonal projection of —AV, onto H L2(B).

Incidentally, the harmonic f can as well be characterized
as the minimum L?(B)-norm solution of (152), because
(183) is nothing but the decomposition of F along two com-
plementary orthogonal subspaces. Up to here what we can
call the classical analysis of the inverse gravimetric problem
in geophysical sense, as described by several authors, among
which Freeden and Nashed (2018a), Ballani and Stromeyer
(1982), and others. Such a theory can be significantly gen-
eralized to different couples of spaces as shown in Sanso
(2014).
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Remark 4 As promised, we are able to provide an alternative
characterization of Y = A(L?(B)). We first introduce on
Y the topology which is the image of the L?(B)-topology
through A, namely

V=AF) = [ VIF=IF g - (184

This makes Y a Hilbert space with the scalar product

V=AF), V' =AF) = (V.Vyy =(F,F)2p)-
(185)

We notice explicitly that, since we can view Y as a closed
subspace of lec’)zc(R3), we know that the new topology of Y

introduced by (184) should be equivalent to that of leézc; in
particular, if V;,, — V in Y, this would imply as well that
F, = —AV, tendsto F = —AV in L2-sense, i.e.,
| AVy — AV || 125—> 0. (186)

Now we first maintain that the evaluation functional is
boundedin Y as a consequence of the fact that B is bounded.

In fact, calling D the diameter of B we have by the Cauchy—
Schwartz inequality (cf. Freeden and Nashed 2018a)

VP < /B 1G(x — y)lPdy /B IFO)Pdy  (187)

and

1\?2 1 D
Gx —y)dy = dy < .
flec—vra= (o) [l pe=

(188)

for all points x € R3.

Therefore, Y must have a reproducing kernel K, accord-
ing to the Aronszajn-Bergman theorem (see, e.g., Yosida
1980), which completely characterizes it. It follows that

K(x,y) = /;;G(x —2)G(z—y)dy. (189)

In fact, since G(- — y) for every fixed y belongs to L*(B),
we see that K (-, y) € Y. Moreover, we can write (189) in the
form

K(—y)=AG(-y)), (190)
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so that we can easily conclude from (185) that

(K(x,),V)y =(G(x =), F) 2 = V(x) (191)
holds true forall V € Y,V = A(F), F € L?, so that all
properties of a reproducing Hilbert space framework for ¥
are satisfied.

Armed with this tool we can think of a first regulariza-
tion of (173), namely the projection of (173) on a finite-
dimensional subspace by interpolating V' with a finite num-
ber of splines. The use of the reprokernel K as a constituting
function for splines then becomes expedient from the follow-
ing procedure (we restrict ourselves to an intuitive descrip-
tion of the geometric situation, a more detailed consideration
can be found in Freeden and Michel 2004):

Let L, = {x;, i = 1...N,} be a “regular network” of
points in B U S, with mesh side of length p. By halving p k
times and putting px = p/2* we can construct finer and finer
nets, so that

o0 o
ULy =Jlxi i =1...N,}
k=0 k=0

becomes a subset of B, being dense in it. Then we put

Yy, = span{K(x;,) : x; € L }. (192)

We notice that any V' orthogonal (in Y) to Yy, satisfies

(K(x:i,9), V)y =V(x;)=0 i=1,...N. (193)
Therefore it is clear that the linear space of “splines”, i.e., the
set of linear combinations of K(x;,-), i =1,2...

o0
span{K(x;,-), i =1,2...} = U Y,
k=0

is dense in Y and any V' orthogonal to it has to be zero. In
fact, if V satisfies (193) on a set of point dense in B, since
V' is continuous it has to be identically zero in B, and the
same will then be true for its Laplacian. As a consequence,
AV = 0 in the whole R?, implying that (remember that V'
has to be regular at infinity) V' is identically zero.

Calling Py, the orthogonal projectionin ¥ on Yy, we are
able to conclude that

Vy, = Py, V > VinY, (194)
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implies

AVy, =Fy, — AV =F. (195)

L%(B)

The orthogonal projector Py, can be represented as usual,
leading to the spline function Vy, of the form

Ni
VNk = Z Al‘K(x,',')
i=1

(196)
Nj

A= YK erx ) V().
i=j

where {K (x;,x ;)}~" represent the (i, j) entry of the matrix
inverse to {K(x;,x;)}. Since Y is a Hilbert space, (196)
provides even the minimum norm solution under the inter-
polatory conditions

Vi (xi) =V (x;),xi € Ly, (197)

among all spline functions, i.e., all members of Yy, =
span{K (x;,-) : x; € L, }.

Furthermore, by explicitating (196) and interchanging
integral and sum we immediately see that

Ni
Vi =/ZA,~G(xi—z)G(z—-) dz,  (198)
B

i=1

showing that the corresponding Fly, is given by

Ni
Fy,(2) = ZAiG(xi -1z).

i=1

(199)

In other words, the approximate density distributions Fl, are
just potentials of N; point masses placed at the nodes of L, .

The orthogonal projection is always a stable operation.
However, the algebraic computation of the coefficients A;
becomes more and more ill-conditioned when k — ooc.
This is a well-known problem in regularization theory, and
its handling leads to the so-called Morozov criterion to fix
an optimal Nj. In order to go deeper into such questions
of inverse theory one can read, for instance, Freeden and
Nashed (2018b).

Remark 5 Let us observe that V' would be known only on
S, so that a point network replacing L, should be cho-
sen on S itself, because only there we can satisfy (197).
Subsequently, the approximate density F,, (199), becomes
a function harmonic in B. One can readily prove that, for
pr — 0, FPk tends to the harmonic solution of the inverse
problem, already mentioned in Remark 4.

W. Freeden and F. Sanso

In any way we know that the mentioned instability comes
from the increasing “correlation” between the “constituting
trial kernel functions” K (x;,-). In more detail, if one com-
putes the cosine of the angle between two of them, as a
correlation coefficient Py,

(K(xi")7 K(xi,'))Y _ K(x,',xj)
I KGxi) Iyl Kxjo) lly K xi)K(xj,x;)
(200)

Pcorr =

One can see that p.,y — 1 when x;, x; become closer
and closer. To implement bases that reduce, or even anni-
hilate, such correlation is exactly the idea underlying the
construction of a wavelet scheme.

In fact, the critical point in the aforementioned spline
approach is the solution of the linear system

Nie
Vi) =Y A K(x;.x;), j=1.....N. (201)

i=1

Each coefficient K (x;, x ;) must be determined by numerical
integration and the coefficient matrix {K(x;,x;)} is
full-sized. These numerical calamities led Freeden and
Nashed (2018a) either to decorrelate the kernel K by
Gaussian bell functions or to replace K by mollifier spline-
wavelets. The forthcoming study can be regarded as basic
background material for mollifier spline-wavelets, however,
only for the special case of spacelimited Haar mollifiers
(for more general mollifiers see Freeden and Nashed
2018a).

In fact, a simple mollifier, useful in our context, is the
moving average or Haar mollifier defined by

1
M= g /B e iy a0)

where H is the spherically symmetric Heaviside function

Llx—yl<p,
H(x—y)= 2
o(x =) {O,|x_y|2p' (203)
and || B,| = ;‘np3. In the nomenclature of convolutions,
(202) can be written in the form
1
M,(f) = H,* f, (204)
1B, l

where * denotes the convolution product.
In addition, Newton’s equation allows a representation as
convolution, namely

V=GxF. (205)
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Thus we obtain

Ve=M,(V)= “1;/)” Hy,*V= ||1;p|| H,*GxF (206)
=G x* ”;p”Hp*F:G*Fp.
After denoting
p= ! H,*G (207)
1Bl
we are able to rewrite (206) in the form
VP=GP«F =G x* F’. (208)
From the second identity in (208) we derive
—AVP = F° (209)

and since F? - F when p — 0, thanks to a well-known
L2(B)

theorem by Lebesgue, we have

—AVP =F, >
L2(B)

—AV = F. (210)

It is easy to find the explicit form of G* if one considers that
(207) can be expressed in the form

1

G'=GxH, H'= . H,,
’ 1B, "

@11)

showing that G” is nothing but the potential of a uniform
distribution with mass density equal to ;p .So G” can be read
out of literature (e.g. Sanso and Sideris 2013) and is given by

L2 1.2
1 (o7 =37, r <p,

3
1Boll | 57 r>p.

G (r) = (212)

Obviously, G” satisfies the transmission conditions (175) at
r=p.

Often in numerics, a disadvantage of the Haar based
mollifier approach is the discontinuity of the Haar kernel.
Alternative continuous mollifier kernels are available from
the theory of singular integrals (for more details see Freeden
and Nashed 2018a).

Following here the Haar concept as in Freeden and Ger-
hards (2013) and its extensions in Freeden and Nashed
(2018a), the functions (208) can be regarded as scaling
functions in a multiscale context. Moreover, we can go over
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from scale continuous scaling functions {V'*}, { F*} to scale
discrete scaling functions {V P}, { FPx}.
By discretization, with suitable cubature weights w; and

nodes x; in a py-point system L, (ox = 5, ) we then obtain

N
FPox F* =3 wiF(e) HP (- — x,)

(213)
i=1
Ny
=ZIMH""(-—X,~), pi = wi F(x;),
i=1
so that
Vk =G« F¥
Ny
=Y MGH(-—x;). (214)

i=l1

Finally, evaluating (214) at the p*-network nodes one obtains
a linear system in the unknowns A;

Ny
Vk(xj) = Z)L,G""(xj —xi) .

i=l1

(215)

In other words, the solution of the system (215) enables us to
evaluate the values {A;}, hence, the functional values F(x;)
are available, since the cubature weights are assumed to be
known. As a consequence, we are able to reconstruct from
(213) the approximate mass density F¥.

It is important here to underline that the coefficients {A;}
in (215) and (213) do depend on k, too. They change when
we change the approximation scale py.

The convergence of V¥ to V and of F¥ to F for k —
oo is guaranteed by the reasoning already developed above.
However, we are not in a very different position from that
where we were with (196) and (199), because again the scale
function G presents a degree of smoothness, and then of
correlation.

Freeden and Nashed (2018a) introduced potential
wavelets (W V)* and density wavelets, (W F)¥, according to

(WV)k — Vk-l—l _ Vk,
(WF)k — Fk+l _ Fk .

(216)
(217)
So, sparse techniques from numerics become applicable,

since the wavelets have local supports, which become
smaller with increasing scale.
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It is readily seen then that (215) and (213), respectively,
lead to the following linear systems

Ny
WV)E(x)) =D AWi(x; —xi)

i=l1

(218)

and

Ny
(WF)*(x;) =Y MWy (x; —xi),

i=l1

(219)

where
Uh(x; —x;) = G+ (x; —x;) — G (x; — x;) (220)
and

Uh(x; —x) = H* (x; —x;) — H*(x; —x;) .

(221)

The problem now is to calculate from (218) the coeffi-
cients A; (as already observed they depend on k, too) of the
development of V' in terms of 111{5 (x j —x;) and then use them
to reconstruct the mass density expressions (WP) (x j) by
(219) in terms of ¥ (x; — x;).

It is readily seen that the reconstruction formula

o0
F=F'+) (WF)
k=1

(222)

holds true.

The key point in the present step is that ¥k (x; — x;),
although not strictly orthogonal, are in fact much less “cor-
related” than G?*(x; — x;) and so the development (218),
which is originated in wavelet theory, can be easily per-
formed at least up to some approximation degree kp,x. The
exact value of the maximum approximation degree is again
a matter of regularization theory and respond to criteria
like that of the Morozov principle or some other truncation
criterion as in Freeden and Maier (2002).

A numerical investigation of the above method applied to
a structural model proposed by the Rice University, Houston
Texas (2002), the so-called Marmousi model, can be found
in Blick et al. (2018).

Nevertheless one point is non-standard and worth of
further investigations, both in theoretical and numerical way:
0Q8) When we restrict the IG problem to the geophysically
relevant case, namely that V' or some linear functional such as
the gravity anomaly Ag are given on S, what is a good criterion

to stop the maximum approximation index k., and therefore the
resolution at which we can perform a reconstruction of F'?

W. Freeden and F. Sanso
9 Summary and Outlook

It is clear that a subject like the relation between Geodesy
and Mathematics cannot have a “conclusion” (hopefully!).
As mentioned in the Introduction, we have not tried to be
complete, but only to bring the attention to some relevant
interactions, examples, and open questions (sometimes in a
more formal and accessible language avoiding larger mathe-
matical technicalities).

In Sects.2-3 we have examined two subjects where the
relation has a historical character. In Sects. 4-8 we have come
to more recent framework and resulting arguments.

In all of the items presented the purpose was to show the
fruitful interaction between the two disciplines along the way
of a general enhancement of scientific knowledge. May this
last for long!

Acknowledgements The authors would like to thank the reviewers for
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